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ABSTRACT 
 
Jared William Parrish: Quantifying Methodological Challenges in Population-Representative Child 
Maltreatment Research Through Novel Data Linkages and Outcome Classification 
(Under the direction of Stephen W. Marshall)  
 
Background: Conducting epidemiologic research on a population basis is critical to understanding the 
magnitude of, and factors contributing to, child maltreatment. Large scale data linkage projects combining 
statewide birth records with child protective services records is a promising strategy to study maltreatment 
in a population. This project combines population-representative epidemiologic survey and administrative 
sources to estimate maltreatment incidence, and measure error resulting from poor linkage quality, limited 
cohort follow-up, and outcome ascertainment common in linkage studies. 
Methods: Respondent data from the 2009 Alaska Pregnancy Risk Assessment Monitoring System 
(PRAMS) were linked with multiple administrative sources. To ascertain maltreatment reports we linked 
with child protective services (CPS), child advocacy center (CAC), Anchorage Police Department (APD), 
and child death review (CDR) records. A sub-study of all mortality among the 2009 and 2010 birth cohort 
was conducted to measure the reliability of maltreatment determinations made by the Alaska CDR. 
Results: The 2009 PRAMS respondents represent 11% of all resident live births in Alaska. Nearly 4% of 
the PRAMS respondents were censored annually; censoring was due to out-of-state emigration (n=237, 
20%w) and deaths from competing causes (n=18, 0.7%w). Before age six years, 28%w (95%CI 24%w, 
33%w) of Alaskan children born in 2009 were the subject of a maltreatment report to CPS, CAC, APD, or 
CDR. Failure to account for emigration or using stringent linkage assumptions would bias the risk 
estimate downwards by 12% and 43%, respectively. Agreement of maltreatment classifications between 
CDR panels was substantial for abuse but only fair for neglect and negligence. Multiple factors influenced 
discordant classification. 
Discussion: Linking PRAMS with administrative data allows researchers to conduct high quality research 
to estimate, at low cost, the risk of a maltreatment report longitudinally in a population-representative 
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sample. The completeness of follow-up in this cohort is high, particularly for non-military births. While 
Alaska has unique administrative sources that allow for more comprehensive follow-up, other states could 
implement similar methods to better understand incidence of, and risk factors contributing to, 
maltreatment reports. However, to be worthwhile, improvements in maltreatment ascertainment are 
needed. The CDR model may be useful but not without standardized decision guidance. 
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CHAPTER 1: INTRODUCTION 
Child maltreatment is a general term that refers to all forms of childhood victimization due to acts 
of omission and commission by an adult caregiver.(2) Physical abuse, sexual abuse, emotional abuse 
and neglect are the most common forms of victimization. According to the 4
th
 National Incidence Study 
(NIS-4) the incidence of maltreatment in the US during 2005-2006 was 17.1 per 1,000 children.(3) One 
recent national study measuring cumulative incidence using a synthetic cohort lifetable approach, 
estimated that by age 18, nearly 13% of the US population will experience confirmed maltreatment.(4)  
The consequences of child maltreatment on both acute and chronic behavior and health 
outcomes are numerous and well-documented. In stark contrast, evidence on the causes and even basic 
incidence of maltreatment remains limited. Maltreatment research is plagued by methodological 
challenges such as measurement error, exposure and outcome misclassification, incomplete covariate 
adjustment, and over-reliance of simplistic statistical models to assess this dynamic multifaceted 
problem.(1,5) These limitations restrict our ability to develop prevention strategies built on strong 
evidence bases supported by theory. 
Conducting epidemiologic research on a population basis is critical to understanding the etiologic 
factors contributing to child maltreatment. Large prospective birth cohort studies of maltreatment are 
needed. There have been few such studies in the US due to resource requirements, the extensive 
administrative support for participant follow-up, and duration of time to conduct these studies. Population-
representative data linkage projects, which combine statewide birth records with child protective services 
records, have recently emerged as a health informatics approach to epidemiologic research in child 
maltreatment.(6,7) These population-based linkage studies however are rarely able to conduct complete 
cohort follow-up, often fail to quantify linkage error rates, and usually have limited outcome 
ascertainment. There are few studies examining the potential error associated with these forms of 
potential bias on incidence estimates of maltreatment derived from these full birth cohort linkage 
studies.(8-11)  
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Studies that link population-representative survey with administrative data are extremely powerful 
as they can mitigate some of the challenges experienced in survey only and administrative linkage only 
studies (including the ones noted in the preceding paragraph).(12) Twenty years ago Bertolli et al. 
described the “Mixed design” strategy that combines the strengths of multiple research designs.(1) To our 
knowledge this proposed research method has never been fully implemented. 
Using this “mixed design” strategy as a map we linked the Alaska Pregnancy Risk Assessment 
System (PRAMS) survey responses to administrative records and followed this historical cohort 
prospectively with a high rate of follow-up. This project introduces an innovation to the field of child data 
linkage studies by using the PRAMS survey as the basis for the historical cohort. We examine the 
performance of this study design methodology, which has the potential to be implemented by other states 
conducting PRAMS. We quantify the impact of non-linkage bias, examine the effect of poor or restrictive 
linkage methods, and evaluate incomplete outcome ascertainment. Assessment of outcome status 
remains the most challenging aspect of these studies. Expert review panels provide one of the preferred 
mechanisms for adjudication of child deaths to determine abuse and neglect. We examined the reliability 
of the child death review (CDR) process in Alaska, and provide recommendation for improving this 
process. The results of this dissertation support the long-term goal of creating a low-cost, 
methodologically-rigorous longitudinal birth cohort study that can effectively measure the incidence, 
identify risk factors, and track outcomes of maltreatment in multiple states. 
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CHAPTER 2: REVIEW OF THE LITERATURE 
2.1 Overview 
Child maltreatment is a serious public health threat due to its lasting health effects on the 
individual, family, community, and society.(13-16) Quantifying the incidence of maltreatment however, 
has been extremely challenging. National estimates range greatly depending on the source and methods 
used to describe maltreatment. For example, the NIS-4 estimated that by age eighteen the rate of 
maltreatment is 17.1 per 1,000 children (3)  which is substantially higher than what is estimated using the 
National Child Abuse and Neglect Data System (NCANDS) of 9.4 per 1,000 children.(17)  National 
estimates from self-reports also vary considerably. One nationally-representative telephone survey of 
children 1month thru age 17 years (using parent proxy and child responses) reported that 14% 
experienced maltreatment by a caregiver in the past year and 25% reported any lifetime victimization. 
This study also reported the lifetime maltreatment by type of 11% for physical abuse, 13% for emotional 
abuse, 15% for neglect, and .5% for sexual abuse. (18) Another study, using The National Longitudinal 
Study of Adolescent Health (AddHealth) data, reported that by the start of 6
th
 grade, 42% experienced 
supervisory neglect, 12% experienced physical neglect, 28% experienced physical assault, and 5% 
experienced sexual contact abuse.(19) Other studies using national inpatient data estimate the incidence 
of physical abuse requiring medical attention is 6.2 per 100,000 children <18 years (58.2 per 100,000 
among infants, and 133.1 per 100,000 among infants covered by Medicaid). A recent study in Canada 
used a representative telephone survey and administered a comprehensive tool to capture neglect 
behaviors. Those researchers reported that the annual prevalence of children experiencing neglect in 
some form was 26% among children 6 months to 4 years of age, 29% among children 5-9 years, and 
21% among children ages 10-15 years.(20)  
 Using data extracted from the National Child Abuse and Neglect Data System (NCANDS) for 
2004 to 2011, a recent study developed synthetic cohorts and implemented a lifetable approach to 
estimate the first ever national cumulative prevalence of maltreatment in the US. Using this innovative 
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approach the research team estimated that nearly 13% of the US population will experience a confirmed 
maltreatment event by age 18 years.(4) This novel approach provided the first national cumulative risk 
estimates of child maltreatment by age 18 years that were not based on retrospective self-report. All prior 
official reports are based on annual cross-sectional reports that underestimate the individual child burden. 
This approach calculates cumulative risk by assuming the age-specific probability of experiencing a 
specified outcome is constant at the initial cohort year’s rate. 
The introduction of the cumulative risk and ecologic frameworks into the national research on 
maltreatment has increased our understanding of the etiology, causes, and consequences of 
maltreatment.(15,16) The causes and complex etiology of individual episodes of maltreatment are 
multifaceted and influenced by both risk and protective factors.(21) Many acute and chronic negative 
behavioral and health sequela are linked to child maltreatment.(19,22-24) Research suggests that the 
accumulation and co-existence of childhood trauma and other household dysfunction intensifies this 
effect of maltreatment on the individual.(25-27) The impact of maltreatment and accumulation of harm 
can be attenuated or exacerbated by environment and social supports, individual resilience, severity of 
harm, developmental timing of occurrence, and chronicity.(21,28,29)  
Quantifying and understanding the causes, consequences, and incidence of maltreatment is 
challenging.(30,31) Operationalizing conceptual definitions to detect and quantify child maltreatment is 
can be difficult due to limitations in available records.(2,32-34) The hidden nature of victimization, young 
age of many victims, reliance on official reports, limitations of self-reports or parental/guardian reports can 
all lead to biasing incidence estimates.(35) Research suggests, and it is widely accepted that, the actual 
incidence of child maltreatment is underestimated in official records.(18,36,37) Increased efforts to 
validate research definitions and the development of representative population based studies and novel 
approaches to studying maltreatment longitudinally are needed to improve and refine prevention 
efforts.(38-40) Without accurate and reliable estimations of the incidence and effects of maltreatment, 
understanding this issue in context of other public health priorities will be challenging and will likely impact 
future funding. Prevention and intervention efforts will also be stymied without accurate measures. 
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2.2 Impact of maltreatment 
The consequences of maltreatment generally fall into three main categories, physical health, 
mental health, and behavioral health. Maltreatment exposure can lead to an increase in social, economic, 
and health problems and exacerbate mental health disorders, decision making, substance use, and 
transmission of violence.(27,41) 
Many theoretical constructs help explain the relationship between child maltreatment and 
negative health outcomes.(42) Kendall-Tackett explored four etiologic pathways between abuse and 
health and suggested that the four pathways make up of a complex web of behavioral, emotional, social 
and cognitive functioning factors. Until all four pathways are adequately addressed, the long term health 
of victims of maltreatment is unlikely to improve.(43) Thus, the etiologic association between 
maltreatment and poor health outcomes is likely multifaceted, rather than any single empirical cause.   
Studies document the relationship between the accumulation of early childhood experiences and 
victimization with long-term chronic health outcomes.(44-48) Children experiencing or living in 
dysfunctional households have increased risk for heart disease, obesity, certain cancers, high blood 
pressure, diabetes, and many forms of early death.(25,49-52) Research has also demonstrated that 
outcomes of cumulative exposures may vary by individual resilience and other factors.(53)  
The most common mental health consequences of child maltreatment (any form) documented in 
the literature include depression, anxiety, aggression, anti-social tendencies, and post-traumatic stress 
disorder (PTSD).(54-57) Researchers seeking to understand the etiologic link between maltreatment and 
many mental health consequences have investigated the physiology of brain development.(58-60) 
Additional epidemiologic and animal studies suggest that childhood trauma may impact neural 
development through changes in structure and modifications in neurotransmitter systems, gene 
expressions, and epigenitics.(61-63)   
Behavioral consequences and dysfunction are also well documented in the literature with lasting 
effects into adulthood.(64) The most frequently documented behavioral consequences include: 
aggression, suicide, substance abuse, antisocial behavior, poor academic attainment, other 
maladjustment issues, sexual risk taking, and other health risk taking behavior.(45,65-69)   
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Acute injuries and outcomes have also been documented.  Most recognized are the physical 
injuries related to acts of commission (physical and sexual abuse), and include traumatic brain injuries, 
broken bones, bruising, genital trauma, burns, other harm resulting from inflicted trauma, and death.(70-
72)  Recent work by Schnitzer et al. indicates that a substantial proportion of unintentional injuries are a 
result of poor or absent adult supervision.(73) Further research has documented that maltreated children 
have an increase in hospital utilization, emergency room visits, and injury related mortality.(74,75) Clearly 
the multiple negative health outcomes and variations in causal pathways leading to maltreatment require 
comprehensive longitudinal data sources to adequately measure this complex issue.  
2.3 Methodological challenges in child maltreatment research 
Studying maltreatment, especially in a population-based sample is challenging.  Multiple factors 
can influence the validity, generalizability, and interpretation of maltreatment research. Primary 
considerations on improving the validity of all maltreatment research include specifying and 
operationalizing definitions, comprehensive covariate assessment, and accurate outcome classification. 
Overall generalizability is influenced by the ability of the study sample to represent the target population, 
and is especially problematic since much maltreatment research has utilized clinical or high risk 
populations. Additiional limitations of the maltreatment field include weak study designs, and limitations in 
datasets (such as limited covariates, restricted age ranges, and access to only subsets of an underlying 
population) and analysis.(1)  
2.3.1 Defining maltreatment 
Prior to conducting any study, attention must be given to how we even define and measure child 
maltreatment. Maltreatment research has continually been stymied by an inability to reliably and 
accurately identify and classify maltreatment occurrences in a population-based sample. Official 
definitions of maltreatment vary across state child welfare systems, professional disciplines, and research 
studies.(2) Research is of little use without a clear understanding of what one is measuring.  
Nearly all maltreatment definitions are derived from the Child Abuse Prevention and Treatment 
Act (CAPTA), which legally defines maltreatment broadly as any act or failure to act by a parent or 
caregiver that results in death, serious physical or emotional harm, sexual abuse or exploitation, or an 
imminent risk of serious harm.(76) The operationalization of this definition within state child welfare 
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agencies is influenced by the statutorily defined definitions and other state based policies.(77) Policy can 
also dictate the maltreatment definition utilized by any given agency.(33) Furthermore, multiple 
disciplines, including social welfare, judiciary and law enforcement, psychology, sociology, medicine, and 
more recently public health often operationalize definitions differently impacting comparability between 
research findings across disciplines.(34)  
Fallon et al. suggested that, many of the maltreatment measurement issues originate from lack of 
definition clarity and detail.(5) There is no consistently-applied definition of what constitutes 
“maltreatment”. Statistics from agencies may represent all reported events, substantiated only events, all 
individuals, annual incident or childhood prevalence. Further operational definitions may be family or child 
based effect measurements. Both the National Incidence Study (NIS) and United States NCANDS system 
quantify national maltreatment estimates using similar definitions of maltreatment but differ in terms of 
their operational methodology. The two systems produce highly variable estimates.(5) These variations in 
methodology indicate that much of the variation in maltreatment quantification is likely influenced by not 
just by how maltreatment is defined but also by operational structures and resources within agencies. 
To assist and unify maltreatment public health surveillance, the Centers for Disease Control and 
Prevention (CDC) developed and published a set of uniform maltreatment definitions. The CDC defines 
maltreatment as any act(s) of omission or commission by a caregiver or parent that results in completed, 
threatened, or potential of harm to a child less than age 18 years. This ensures that maltreatment is not 
conditional on expressed or perceived intention of harm on the part of the caregiver, caregiver legal 
liabilities, the economic situation of the caregiver, and religious or other cultural norms.(2) The CDC public 
health definitions allow for inclusion of incidents where the caregiver failed to provide adequate 
supervision to the child that may otherwise be deemed “accidental” events. 
All alleged or confirmed reports of harm documented by local child protection, law enforcement, 
medical providers, educators, or other service entities are included in the public health definitions. The 
CDC definitions provide a framework for quantifying maltreatment from a public health perspective and 
allow for a more sensitive cross-jurisdictional qualification of incidents.(78) Fundamentally, public health 
child maltreatment definitions revolve around the designated caregiver, however if child abuse is 
confirmed through medical examination (e.g. Abusive Head Trauma) but caregiver responsibility cannot 
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be determined, this does not mean child abuse did not occur, rather the system couldn’t assign 
responsibility under the definitions or legal process. While the CDC definitions provide an excellent 
theoretical basis, they do not specify how to operationalize the definitions in the detection of potential 
maltreatment. 
The concept of maltreatment as a dichotomy (yes vs no) may to some respects be somewhat 
arbitrary if based on the behavior of a parent or caregiver opposed to the experiences of the child. 
Continuing to base our definitions on those developed for policy will lead to differential determinations. 
Childhood victimization may be experienced along a continuum and therefore need equally flexible 
scientific definitions to capture the outcome of child wellbeing that is impacted by deficits in care. 
2.3.2 Maltreatment detection & classification 
Identifying and classifying maltreatment is problematic because it requires capturing an event that 
often occurs out of sight. Official reports, survey, medical records review, and multi-source data linkages 
have all been used to detected and classify maltreatment.(79) Official reports to child welfare agencies 
are known to under-represent the magnitude of the problem due to under-reporting.(3,80,81) Among 
reported maltreatment the process of screening and confirming maltreatment (substantiation) is 
influenced by policy, adequacy of information, and other external processes.(82) These limitations in 
confirmed maltreatment by child welfare have influenced many researchers to abandon substantiation as 
an endpoint and use any investigate report as an endpoint.(83,84) A growing body of research suggests 
that children experiencing unsubstantiated reports or even simply reported to child welfare have similar 
risk profiles and experience similar rates of poor outcomes to those that are substantiated.(83-87) 
Substantiated maltreatment is therefore likely a conservative estimate of all experienced maltreatment.(4) 
Substantiated maltreatment may only be useful for certain types of investigations (88) provided 
researchers appreciate that although the number of false positives decreases by using this measure the 
number of false negatives likely drastically increases.  
Survey methods assessing recent or lifetime maltreatment often detect increased incidence or 
prevalence of maltreatment compared to officially reported and substantiated estimates.(18,89,90) 
Population level self-reported survey usually depend on a designated caregiver to respond for a child 
below a certain age due to obvious developmental reasons. This may influence the incidence or 
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prevalence estimates in younger aged children (for example, if the caregiver respondent is an abuser and 
is seeking to conceal the abuse). Further, retrospective self-reporting bias may impact these estimates 
and those experiencing childhood victimization later in life and or experiencing negative effects into 
adulthood may be more likely to attribute this to recalled traumatic childhood experiences. Various tools 
and methods have been implemented to try and improve outcome (abuse and neglect) detection through 
interview instruments.(25,91) DiLillo et al. in a small study of graduate students assessed modality 
(computer, telephone, in person) of survey administration for assessing child maltreatment and found that 
disclosure was consistent across modes, but resulting distress among the participant varied by type.(92) 
Although for other health conditions self-reports and administrative data are fairly comparable,(93) for 
maltreatment larger difference exist in classification between detection modalities.(35,94-96) Self-
reported maltreatment events may improve the sensitivity for capturing prevalent maltreatment in a 
population retrospectively, but capturing incident maltreatment prospectively would require frequent 
survey and subsequent confirmation through a standardized process and face ethical challenges to 
complete comprehensive follow-up.  
In some longitudinal and cross-sectional studies self-reported maltreatment has been combined 
with official reports to increase maltreatment detection. Linking survey with administrative records is a 
powerful method for extending and improves longitudinal research.(12) Among population level 
maltreatment research, this has primarily occurred in countries outside the US. However, a few selected 
studies in the US have used these methods. Nearly all of these studies using this multi-modal method 
have detected substantially more events than either method alone.(94,96,97) 
Another method of maltreatment detection is through the use of International Classification of 
Disease (ICD) codes from medical records. Schnitzer et al. conducted extensive review of multiple ICD 
code series to determine the utility of sources such has Hospital Discharges as a method for 
maltreatment surveillance. With age restrictions, this research identified several codes and code 
combinations that are “suggestive” of child maltreatment.(98) Although ICD codes may detect some 
maltreatment, a review of existing literature using ICD codes to identify maltreatment, found that this 
method alone substantially under-ascertains child maltreatment in general and research populations.(99) 
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The one exception to this may be for specific mechanisms of injury such as Abusive Head Trauma.(100-
104) 
Aside for substantiation determinations made by child welfare agencies, nearly all other methods 
for classifying maltreatment are developed through research methods.(77) Given the known limitations of 
substantiations alone as a measure of completed maltreatment,(105) it is clear that other reliable and 
standardized methods are needed. One promising approach is the use of multi-disciplinary teams to 
review circumstances of injury using abuse and neglect experts.(80,106) This strategy has been in 
practice by child death review teams with various degrees across the US for decades for fatal 
maltreatment classification.  
2.3.3 Child death review (CDR) 
Mortality is the most severe outcome resulting from maltreatment. Given recent increased 
national attention, accurate enumeration of fatal maltreatment should be a priority.(107) Schnitzer et al. 
compared the linkage processes and utility for maltreatment-related mortality quantification for three 
states and found that, while no single source was adequate for capturing fatal maltreatment, combining 2 
data sources allowed over 90% of all maltreatment cases to be identified. The authors concluded that of 
all the sources available and used, the child fatality review process is likely the most promising 
surveillance approach for capturing and classifying maltreatment-related mortality. This is due to the 
ability of the multi-disciplinary panel to review and through consensus, classify the likelihood that 
maltreatment contributed to the death.(108) The child death review process was initiated over three 
decades ago with the goal of improving maltreatment fatality classification, however, this process has 
been little-studied and the performance of child death review teams has rarely been the subject of 
scientific review.(109) 
The underascertainment of maltreatment-related mortality using vital statistics data is well 
documented.(37,110) Ewigman et al. conducted one of the first major studies to document the degree of 
misclassification of maltreatment-related mortality in vital statistics data. These researchers reviewed 384 
deaths of children less than 5 who died between 1983 and 1986 in Missouri, and whose death certificate 
indicated an external injury code or whose death was substantiated by child protective services. They 
utilized a tiered or scaled maltreatment classification (definite, probable, possible, non-maltreatment, or 
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inadequate) to allow for a degree of uncertainty in the causal role that maltreatment played in the actual 
fatality. They found that among the 32% cases that met the definite definition, 79% of the incidents were 
substantiated by child protection; lack of substantiation may be also attributed to the fact that many CPS 
agencies will only investigate if other children remain in the home. As a result of this research, 
multidisciplinary child fatality review panels were adopted in multiple states as a “best practice” to improve 
maltreatment-related mortality classification.(80) In Colorado, Crume and colleagues compared the 
results of child fatality review with vital statistics and found that roughly half of the maltreatment-related 
cases identified were indicated as such on the official death record. They further identified differential 
classification patterns by sociodemographic characteristics. They also concluded that deaths due to 
commission opposed to omission were more likely to be indicated correctly on the official death 
records.(36)    
Palusci et al. attempted to conduct a capture-recapture study to ascertain the incidence of fatal 
maltreatment, this method is commonly used to estimate the magnitude or size of a problem by 
identifying a number of events, marking them, and them and then capturing the events again from the 
same population. The union of these two event-capturing are considered estimations of the population. 
These researchers determined that the severe undercounting of neglect deaths in official sources as 
compared to the in-depth review “gold standard” prohibited this approach. They concluded that both 
systematic and standardized processes are needed for identifying cases and making classifications.(111)  
Neglect related mortality continues to be the most difficult type of maltreatment to accurately 
classify. A recent study evaluated the consistency of child death review team members in classifying 
neglect scenarios. These researchers documented extreme variations between individual assessments of 
neglectful situations between members and even within the subjects themselves. They concluded that a 
more standardized process is needed for individuals to consistently classify neglectful situation as 
neglect.(112)  
Maltreatment resulting in a fatality is usually officially classified by a Medical Examiner or 
Coroner, but the CDR team consensus process is the likely best process for identifying maltreatment-
related mortality.(113,114) The CDR process was originally developed to increase the awareness of 
violence against children resulting in fatalities.(109) This method brings together the expertise of multiple 
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disciplines including child welfare, law enforcement, medical examiner, pediatrics, other health 
professionals, public health, and additional members as needed to review the setting and circumstances 
contributing to a given child fatality.(115,116) The CDR process involves the challenge of bringing 
together multiple professional groups, each with potentially different definitions of maltreatment. This 
process, if focused on prevention, has the potential to successfully adopt a cross-sector definition for the 
purposes of developing consistent classifications, with the aim of grouping similar deaths that likely share 
common etiology for prevention.(117,118) The CDR model has contributed substantially to child welfare 
in general,(119) and to public health prevention efforts and the development of public policy regarding 
maltreatment.(118,120,121) The CDR process should be further evaluated to determine the feasibility of 
extending this or a similar expert consensus review process to nonfatal suspected maltreatment that is 
identified through multiple sources. 
The national CDR model uses tiered (i.e. 4-levels, definite, probably, unlikely, unknown) public 
health definition and approach for maltreatment detection and classification. One of the criticisms of the 
use of the child death review team consensus determination in measuring maltreatment related child 
fatalities is the lack of consistency of classification, influence of team membership, and variation by type 
of death coded on the death certificate. Currently no validated set of questions or instrument has been 
assessed for maltreatment-related fatality classifications using a tiered public health definition.  While the 
CDR is a comprehensive process for establishing maltreatment-related mortality classification, the lack of 
internal reliability of the classification metrics remain unknown. The scientific consensus is that the CDR 
team classification of maltreatment, using a tiered definition to reflect level of team certainty, has been  
successful in terms of raising awareness of the problem and advancing the field, but largely un-
validated.(36,120,122,123) 
2.3.4 Study design considerations 
Assuming that one can define maltreatment in a reliable and valid manner and establish a 
process for systematic classification of detected maltreatment, study designs can be applied to ascertain 
suspected cases and measure a range of exposures within a population. Observational study designs 
utilized in epidemiologic research each have unique methodological strengths and weaknesses for the 
study of maltreatment. Case-series, ecologic, cross-sectional, case-control, and cohort studies are the 
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most commonly employed designs implemented to measure incidence/prevalence, assess risk factors, 
develop predictive analytics, and make etiologic inferences. Many observational maltreatment research 
studies are simply restricted to “high risk populations” due to availability of information. Below we provide 
a brief summary of the more commonly employed study designs and highlight key strengths and 
challenges in the use of that design for maltreatment research. 
The “case-series” design describes the descriptive characteristics of a sample of patients, 
respondents, or other group included in a review based on a common characteristic.(124) The case-
series is limited in that it cannot estimate absolute or relative measures of effect due to lack of a 
comparison or counterfactual “stand-in” group. These designs are prone to selection bias, but are good 
for hypothesis generation and description of a specified group. Most often this design is utilized to review 
diagnostics or review characteristics of a defined group within the maltreatment literature.(125) This 
design has limited utility in advancing our understanding of the epidemiology of child maltreatment. 
Furthermore, quantification of maltreatment may be non-uniform between groups, and lack the ability to 
identify risk groups. 
Ecological studies of maltreatment using groups, communities, or some other aggregate 
community of people opposed to individuals are subject to various potential biases. Ecological studies 
have limited ability to support etiologic inferences due to the inability to adequately control for 
confounding a the sub-aggregate (i.e. child or family) level, and heterogeneity of factors within the 
population. These studies are also often prone to an incorrect interpretation in terms of assigning 
aggregate risk to individuals.(126) While community level research has many challenges, some of the 
limitations with maltreatment research can be mitigated by incorporating ecological constructs and multi-
level modeling or other theoretical approach to account for the multiple dimensions contributing to 
maltreatment.(31) 
Cross-sectional studies provide a “snap-shot” of the prevalence of a condition at a point or over a 
period of time. The population of interest is selected regardless of exposure or outcome considerations. 
Both the exposure(s) and outcomes of interest are captured at the same time which makes time 
sequencing of events impossible for etiologic assessments. Cross-sectional surveys are most commonly 
used in maltreatment research to capture cases via self-report and to obtain prevalence estimates that 
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augment results to the count of cases obtained through official reports. Some authors have argued that 
self-reported maltreatment often used in cross-sectional studies may be more sensitive at detecting cases 
than relying solely on official reports.(1,127)  While self-reports may capture un-reported maltreatment, 
they are particularly vulnerable to recall issues for event that occurred during early childhood. As Brown 
et al. described no single panacea exists for capturing maltreatment cases, rather using multiple methods 
such as both self-reports and official reports.(96) Maltreatment studies utilizing this study design are 
vulnerable to both the quality and completeness of the information collected through written or verbal 
questionnaire. These issues can often threaten the validity of the estimates and conclusions drawn from 
analytic assessments.(128) 
The case-control study design is an efficient way of estimating the exposure distribution in the 
source population when the outcome is rare. For estimates to be valid, the exposure status must be 
independent of selection and the control population must represent the source population from which 
cases arose.(126) Bias resulting from inappropriate selection of controls, exposure measurement error, 
case identification, and specification of clear population at risk can be severe in maltreatment research. 
Classification of maltreatment in a well-defined population can be extremely problematic due to variety of 
reasons but often are exacerbated by jurisdictional definitions of agencies. Thus the potential for 
misclassification of the outcome is great which can lead to biased effect estimation.   
Determining the appropriate population to represent the population from which cases arose is 
particularly challenging. Often maltreatment case-control studies are implemented in clinical settings, 
through official child welfare reports, or law enforcement. Population-based strategies that utilize official 
reports of maltreatment can utilize a random (or other complex sampling design) to identify controls. 
However the legitimacy of the estimates produced is based on the ability of the research to accurately 
and comprehensively ascertain the outcome, which (as discussed above) is problematic. Poor outcome 
classification would result in a detection bias and impact the effect estimates.(126) 
Because the assessment of exposure in case-control studies is often retrospective data collection 
can be influenced by social desirability, recall, and other processes leading to measurement errors.  
These exposures measurements are especially vulnerable to proxy reporting bias by that of a caregiver 
responding on behalf of a young child who may also be the, or in a relationship with the abuser.(1) 
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Leventhal reviewed 22 case-control studies assessing risk factors for child abuse and found that a 
common methodological error was inappropriate control group. Use of an incorrect control group or 
reference population could lead to spurious associations and effect estimates. Leventhal also indicated 
that very few studies addressed the issue of detection bias. The researchers concluded that the validity of 
these studies are suspect.(129) 
It has also been noted that maltreatment types, severity, and chronicity are all factors that can 
contribute to how one defines a specific outcome and appropriate controls are selected from a well-
defined population.(130) In view of these limitations, the use of case-control designs in future 
maltreatment research is questionable. 
Cohort studies conducted either retrospectively or prospectively identify a population that share a 
common defining experience (e.g. birth cohort shares the same year of birth, and occupational cohort 
share a common place of work or workplace exposure). These studies are ideally suited for studying rare 
exposures. Cohort studies that are closed with no loss to follow-up or movement between exposure 
groups can directly estimate average risks, however many cohort studies are more dynamic with losses of 
the cohort, and changes in exposure status over time. Under the latter conditions rates are calculated 
using person-time denominators. 
Classifying the exposure appropriately with adequate detail on timing and duration of exposure 
can be difficult. Often use of current, average, or cumulative exposure levels are utilized over the duration 
of the follow-up. These crude estimates can become problematic if a third variable influences a change in 
exposure status and is also related to the outcome (i.e. these classifications limit the researchers ability to 
control confounding). Cohort studies, if conducted prospectively, can be cost prohibitive and may require 
long periods of time to complete. Cohort studies are also impacted by the challenges of identifying and 
measuring actual maltreatment cases. Limiting research to only official reports may underestimate the 
true incidence estimates, and over-reliance on self-reports may skew the cumulative incidence. 
Maltreatment population based prospective cohort studies can be difficult to accomplish with high fidelity 
to the study design.  
These limitations are outweighed by the strengths of the cohort design for maltreatment research. 
These strengths include clear observation of time sequence of events to facilitate etiologic research, 
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ability to capture potential cases prospectively from a common population, and measure the incidence of 
disease. This design is the strongest observational study design for maltreatment research. Part of this 
dissertation involves a data-linkage historical cohort study using a birth cohort. The strengths and 
weaknesses of this design are discussed in detail in Chapter 2.4.3. The next section details cohort 
studies in general.  
2.4 Prospective birth cohort studies  
Due to their methodological strengths, cohort studies occupy a special place in observational 
research on maltreatment. This section reviews this literature in detail. Cohort studies can be divided in 
those that use birth cohorts, and those that use service agency cohorts.  
2.4.1 Prospective cohort studies using service agency cohorts 
Large prospective cohort studies that study maltreatment are frequently limited to high risk or 
populations known to child protective services. This limits the ability of the study to measure risk in the 
population. The Longitudinal Studies on Child Abuse and Neglect (LONGSCAN) was a consortium of 
research activities initiated in 1990 from multiple sites using common methodology to allow for follow-up 
of children and families into young adulthood.(131) Children who were maltreated or at risk of 
maltreatment (i.e. known to child protective services, or had multiple risk factors) were eligible for being 
included in the projects.  Data for LONGSCAN was collected at regular intervals (~ every 2 years) through 
review of administrative records, telephone interviews, and other modalities. The unifying of multiple 
projects was aimed at increasing the statistical power to allow for multiple subgroups analysis and 
generalizability. LONGSCAN studies have produced more than 200 maltreatment publications that have 
greatly expanded the knowledge of the impacts of maltreatment. 
Marshall and English constructed a longitudinal cohort study of children reported to child 
protective services in Washington State to understand the risk factors contributing to recidivism or 
multiple reports. This study within the context of the cohort accounted for some of the heterogeneity 
among at risk children and families and identified some referral patterns impact the likelihood of chronic 
maltreatment reports.(132) Additional longitudinal cohort studies of targeted or at-risk populations have 
assessed the effect of birth spacing on maltreatment occurrence, (133) increase in hospital-based 
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treatments, (74) long-term effects related to behavioral problems and poor academic achievement, 
(134,135) child death, (136) predictions of maltreatment, (137-139) and many others.(140,141) 
2.4.2 Prospective studies using birth cohorts 
Multiple maltreatment cohort studies have utilized larger more comprehensive prospective cohort 
study. The most prominent of which is the maltreatment research conducted by Sidebotham and 
colleagues in the United Kingdom using the Avon Longitudinal Study of Parents and Children 
(ALSPAC).(142) This unique study collects comprehensive data throughout the life course on nearly 
10,000 children and parents. Further, survey responses are linked with medical, academic, social 
services, law enforcement and other administrative records. This cohort study has been utilized to 
estimate the incidence of maltreatment, identify predictors of fatal child maltreatment, and using a nested 
case-control design, identify parental risk factors that affect maltreatment risk.(143-146) 
Use of the ALSPAC study for maltreatment research has provided strong epidemiologic 
information on the causes and consequences of maltreatment reported to official sources. But even this 
study is limited due to reliance on officially confirmed maltreatment reports. Further, this expansive study 
is extremely expensive and requires intense resources which limit replication in other locations. 
In the United States the National Longitudinal Study of Adolescent Health (AddHealth) study has 
been utilized to quantify the prevalence of self-reported maltreatment. The AddHealth survey is a 
nationally representative sample of adolescents attending school from grated 7 thru 12 and into 
adulthood.(147) Data is collected in Phases at staggered times. Self-reported maltreatment was collected 
using a computer-assisted interview due to the sensitive nature of the questions and to reduce to 
probability of reporter bias. Using this source Hussey et al. reported that self-reported maltreatment is 
common (42% reported supervision neglect, 28% reported physical abuse, 12% reported physical 
neglect, and 5% reported sexual abuse). They also determined that the risk factors contributing to 
maltreatment varied greatly across ecologic domains.(19) 
Widom et al. conducted a population-based cohort study to determine the association between 
childhood victimization and early adult death. These researchers constructed a large population based 
cohort that matched children victimized by maltreatment with a population sample of non-maltreated 
children. Cases included children victimized by abuse and neglect as recorded in county court records 
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between 1967 and 1971. Only those cases that were substantiated were included in the sample. Controls 
were matched on age, sex, race, and family social class.(148)  A 2:1 ratio of controls to cases was 
attempted when sampling form birth records but was not obtained with only 667 matches made for the 
908 maltreated children. This study failed to support the hypothesized relationships which the author 
attributed to sample size and duration of follow-up.  
Multiple other cohort studies such as the Environmental Risk Longitudinal Study that surveys a 
national representative sample of twin pairs and their families and a subsample of an upstate New York 
families study have been implemented and allowed for nested maltreatment research.(53,96) Selected 
studies are described in APPENDIX 1. 
2.4.3 Birth cohort studies using health informatics approach 
Health informatics using administrative data linkages are an important tool for conducting public 
health research and have been used to study and estimate the disease burden of a variety of health 
topics.(149,150) Pioneered over 70 years ago,(151) the use of record linkages within a population to 
conduct large-scale health investigations has become a technological reality. Data integration and linkage 
studies are relatively common and have proven to be an extremely efficient way to enhance longitudinal 
surveys,(12) and develop longitudinal birth cohorts to study a variety of outcomes to influence policy and 
practice.(10,152-154) Data linkages have been used quite extensively in child maltreatment research 
however, population based linkages studies in the US are still developing in popularity. Large record 
linkage studies to measure a variety of population health issues and conduct public health surveillance 
have been described and extensively utilized in Western Australia, Canada, United Kingdom, and multiple 
other countries.(149,150,152,155-159) 
Western Australia and Canada have substantially advanced the utilization of population level 
record linkage projects to enhance public health surveillance.(150,156,159) These population wide 
linkage projects implement sophisticated probabilistic linkage methods and usually multiple sources (often 
common health records) that allow for continuous follow-up of a birth cohort. Official maltreatment reports 
and confirmations are also frequently linked with and used to measure the incidence of maltreatment and 
understand and identify associative factors predicting maltreatment reports. Research from the Western 
Australia data source has been used to measure, hospitalizations, education attainment, and differences 
 19 
in Aboriginal population experiences with reported and substantiated maltreatment.(7,160-162) 
Population-level Health informatics approaches using data linkages to study maltreatment in the US are 
becoming more popular. These large scale linkage projects usually link statewide birth records with child 
welfare records to measure cumulative incidence and identify longitudinal associations. 
Population based longitudinal studies using integrated administrative data sources have been 
suggested as an economical approach to examine risk and protective factors of maltreatment over time 
(selected studies described in APPENDIX 1).(163-168) Administrative data linkages are powerful study 
designs that often utilize entire birth cohorts opposed to samples, thus reducing the impact of random 
error. Putnam-Hornstein and colleges successfully probabilistically linked birth, CPS, and death records 
for 4.3 million children born between 1999 and 2006 in California.(75) This massive full birth cohort and 
other cohorts derived from it or additional birth years is being used extensively to develop predictive 
models, estimate the incidence and impact of maltreatment over time. (72,75,83,169-174) Most recent 
estimates suggest that before the age of five, nearly 14% will be reported for suspected maltreatment and 
just over 5% substantiated. These researchers used probabilistic name matching with manual review to 
integrate these records and in some studies are able to censor for competing causes of death. This 
project has ultimately lead to the development of the “Children’s Data Network” in San Diego which uses 
integrated data to inform policy and practice related to preventing and responding to child maltreatment 
(http://www.datanetwork.org/). 
A few additional prominent studies linking total state birth records to child welfare records are 
discussed in this paragraph. In Florida, researchers linked nearly 190,000 children born in 1996 with state 
child welfare agency records, and found that nearly 2% of the children experienced “some indication” and 
less than 1% of the children experienced “verified” maltreatment during the first year of life.(87) A 
secondary analysis of a more recent linkage with child welfare in Florida using the 2005-2007 birth years 
reported that by age five 17% had a report to child welfare. Likewise, researchers in Texas used a similar 
population level linkage methodology to that conducted in California and Texas to quantify the incidence 
and measure predictors of substantiated maltreatment among children with specific birth defects by age 
2years. These researchers linked over 3 million live births born in Texas during 2002 to 2009 with child 
protective services records and excluded all deaths occurring prior to age 3years. They found that certain 
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birth defects were associated with substantiated maltreatment, and substantially more medical neglect 
with a reported incidence of 23 per 1,000 children or 2.3% being substantiated.(175) Finally, in Alaska, 
researchers linked just over 70,000 births occurring during 1994 to 2000 with child welfare records, 
hospital-based trauma registry and discharges, and child death reviews. Using simplistic deterministic 
linkage methods, these researchers reported that .5% of births in Alaska will experience physical abuse 
during the first year of life. They also identified multiple factors that predicted substantiated physical 
abuse.(176) 
Two pilot studies in Alaska, conducted by this doctoral candidate, linked the PRAMS respondent 
survey results with child welfare data over two time periods. The initial pilot study using the 1997-1999 
PRAMS respondents found that by age four 13.9% of the birth cohort were reported to child welfare and 
that factors predicting reports were similar to those detected with full birth cohorts.(86) The second pilot 
study used 2009-2010 PRAMS respondents and used restrictive linkage methods found that by age two, 
8% of the cohort were reported to child welfare.(177) These studies were pre-cursor research for the 
research described in Chapter 4.3 
While data linkage studies of birth cohorts for longitudinal research have many advantages they 
present unique challenges.(178) Some misperception persists that large population based linkages 
studies are free from bias, and that through linkages with child welfare records, population longitudinal 
follow-up on the entire birth cohort is achieved.(164) In fact, Bohensky et al. point out that, while this 
methodology is a powerful tool for public health research, incomplete data linkages related to subject and 
other population characteristics can lead to systematic bias of effect estimates.(9) Researchers often 
must attempt to balance false positive and false negative linkages and potential implications on 
interpreting incidence and effect estimates.(150) Additionally, population level birth cohort studies that link 
with child welfare records rarely have the capacity to follow the entire cohort prospectively. Subjects that 
do not link with CPS or death records in these studies are often assumed to remain in the cohort. 
However, it is not correct to assume that the whole birth cohort is followed prospectively through linkages 
with child welfare for all follow-up time. Rather just the subset that remain resident within the catchment 
area of the child welfare agencies used in the study are being followed. This assumption (which we refer 
to as the non-linkage assumption) could become problematic if those leaving the state or who were 
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unable to be linked (due to adoption, or other name changes) are more or less likely to experience the 
outcome (i.e. maltreatment) or if emigration is related to some known factor or risk for maltreatment.  
These potential issues around non-linkage assumptions remain largely unexplored in the 
literature. Their impact on study accuracy (in the sense of bias and precision) may be as large as, or even 
greater than, the impact of random error or imprecision, particularly in very large cohorts which have 
excellent precision. Only limited research has quantified the influence of potential error resulting from 
poor probabilistic or reliance on deterministic linkage methods.(8,179)  We are unaware of any prior 
population-based birth cohort linkage studies that were able to account for out-of-state emigration. The 
impact of these potential sources of bias on maltreatment incidence estimates measured from population-
based data linkage studies in the US needs to be described and quantified in methodological research. 
2.5 Factors predicting maltreatment 
The harmful and lasting consequences of maltreatment are a serious public health problem. 
While the severity, type, timing, and chronicity of maltreatment likely all influence the extent of negative 
health outcomes, recognizing and preventing initial onset of maltreatment is clearly of fundamental 
importance for the victims. Further, research suggests that children less than 4 years of age have the 
highest rate of victimization, with infants being proportionately most affected, underscoring the need for 
early identification and prevention of abuse and other maltreatment.(87) 
Multiple factors, including young maternal age and low maternal education, parental substance 
abuse, care-giver relationship status, social isolation, low income, parenting stress, increase the risk of a 
child experiencing maltreatment.(83) As is common in behavior-related outcomes, no single factor has 
been indicted as being necessary or sufficient for prediction maltreatment. Begle et al. compared the 
predictive ability of the ecologic and cumulative risk models among a sample of 610 caregivers. The 
authors noted that the strict ecological model that organized the data into domains provided poor fit to the 
data, but the cumulative risk approach significantly predicted maltreatment.(180)   
Sherrod et al. conducted a prospective cohort study to extend simplistic risk factor assessments 
by including multiple models to measure maltreatment risk.(181) These researchers concluded that each 
model predicted maltreatment to some degree, thus supporting the need for multidimensional 
approaches; however, the singular ability of their final prediction model was weak due to excessive 
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heterogeneity.  These research studies utilized theoretical frameworks from sociology, psychology, and 
ecology or systems approach. This has been foundational in developing a unifying public health model to 
assess and refine the prediction of maltreatment. 
Research employing a range of predictive analytic strategies has primarily focused on clinical or 
high-risk populations. Kotch et al. explored risk factors present during the neonatal period and 
maltreatment occurring during the first 4 years of life among a sample of 708 predominantly low income 
high risk North Carolinian women and infant dyads.(138) High risk criteria included low birth weight, 
young maternal age, congenital abnormalities or other birth defects, and other significant medical or 
social problems, which made up approximately 80% of the sample. Consistent with early work they 
documented that many of the same factors that predict maltreatment early in life (low maternal education, 
multiple dependents, maternal mental health, alcohol use, receiving public assistance, and young 
maternal age) persist into childhood.(138,182)   
Results from research on the relationship between social supports, health, and life stress on 
maltreatment has been mixed, indicating they are likely neither necessary nor sufficient in causing 
maltreatment.  However Kotch et al. demonstrated that these ecologic domains significantly interact 
highlighting the complex etiologies that contribute to predicting maltreatment.(139) In a study of child 
fatalities, Stiffman et al. documented that compared to controls, maltreatment-related deaths among 
children <5 years living in households with unrelated adults had a odds 8 times that of households with 2 
biological parents.(121) Household composition and other environmental factors provide evidence to 
suggest that the context of the relationship of the supports must also be considered.(183) 
Brown and colleagues conducted a longitudinal assessment of risk factors over a 17-year time 
period using both official and self-reported maltreatment among a representative sample of 644 families 
in upstate New York between 1975 and 1992.(96)  Except for young maternal age and maternal 
sociopath, this study identified maltreatment type specific risk factor combinations. This study highlights 
the immense amount of heterogeneity that can be introduced into maltreatment predictive assessment by 
neglecting to look at individual types of maltreatment. Of note was that with the accumulation of risk 
factors, the proportion of children experiencing maltreatment increased regardless of type of 
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maltreatment. Finally, these researchers point out that to adequately quantify maltreatment risk, predictive 
models must assess many risk factors at various ecologic domains of influence.(96) 
Sidebothm and colleagues conducted a nested case-control study using the ALSPAC cohort and 
published a series of papers assessing various risk factor contributions on maltreatment.(143-145,184)  
The large sample and rich data of this study allowed for expansive assessment of both maternal and 
paternal risk factors, social influence, and child factors.(142) The initial study in this series naturally 
focused on the relationship between parental risk factors on maltreatment. After adjustment young 
parental age, and education, history of sexual abuse, and psychiatric illness were all had independent 
contributions to the risk of maltreatment. From this assessment they determined that single domain 
psychodynamic models are limited and more comprehensive ecologic models are needed to understand 
the factors influence maltreatment.(144) 
The second study in the ALSPAC series addressed the larger socio-economic and community 
level factors relationship to maltreatment. They identified a number of factors representing lack of social 
connection, isolation, low income or financial instability, and poor housing stability all had strong 
relationships with child maltreatment (adjusted odds ratios ranging from 2.3 for car ownership and 
paternal unemployment to 7.65 for public housing). This study supports the evidence that in addition to 
paternal risk factors, community level factors are also highly influential.(184) 
The third ALSCPAC study assessed individual or child level risk factors and their influence on 
child maltreatment risk. In this study Sidebotham and colleagues concluded that although low birth weight 
(<2500g), developmental problems, and other child factors were significantly related to experiencing 
maltreatment, parental attitudes regarding the intendedness of the pregnancy, attachment, and negative 
views about the child are likely more influential. Regardless these individual level factors also play a role 
in understanding the complex etiology of maltreatment.(145) 
The fourth and most comprehensive study from ALSPAC utilized a hierarchical analysis to study 
the multifaceted factors influencing maltreatment based on an ecologic approach. Incorporating findings 
from their subsequent studies and based on the well supported body of evidence risk factors were assess 
from the domains of parental background, socio-economic environment, family environment, and child 
characteristics. To reduce the amount of variables included in the hierarchical assessment to assess the 
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causal etiology and balance the validity precision tradeoff, factors were limited in each domain to consider 
only those that had minimal missing information. Unfortunately this study did implement a missing 
indicator method to avoid listwise deletion; this method is contraindicated and its effect on the results is 
unknown.(143) 
Within each ecologic domain independent risk factors were identified. Parental factors included 
young age, low education, psychiatric history, and parental history of maltreatment. The strongest risk 
factors included low maternal age and education. Socio-economic environment factors included various 
poverty indicators which were the strongest of all risk factors. The strength of the association was 
however somewhat attenuated upon adjustment of parental background factors but persisted. Poor social 
networks were also indicated, with maternal employment having a slight protective effect. Family factors 
included relationship instability as indicated by single parental status, divorce or separation, and domestic 
violence all had strong independent relationships. Child characteristics included low birth weight, poor 
parental perception of the pregnancy and child.(143) 
This final ALSPAC study assessed the independent relationships of many factors at all levels of 
the ecologic model and discussed various causal pathways by which maltreatment can occur. While 
referral bias and utilization of official maltreatment reports may bias these findings, the extensive amount 
of covariate assessment and rigorous longitudinal design makes this study a key work representing the 
highly complex multifaceted causal etiologies that contribute to maltreatment. The author does indicate 
that identifying unique risks for each form of maltreatment may be counterproductive for risk identification 
and response, which is in direct contrast to Brown et al. who suggest that unique predictive factors by 
maltreatment type are important to understand and can reduce model heterogeneity through direct 
assessment.(96)  
Predictive analytic strategies using linked birth records with official child protection allegations or 
determinations have returned similar findings to primary data collection studies. Putnam-Hornstien, Wu, 
and Parrish employed similar strategies for assessing the individual factor prediction and risk-set 
predictions of maltreatment reports or verifications within population based or population representative 
birth cohorts. Both Putnam-Hornstein and Parrish describe interaction by public aid status, and all three 
studies described being on public aid, missing paternity or unmarried, and low maternal age and 
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education as strong factors associated with maltreatment reports or verifications.  Further, while the risk-
sets developed also varied, all three studies (Table 2.1) found comparable distributions of accumulated 
birth risk factors in the population and maltreatment groups regardless of length of follow-up. 
 
Table 2.1 Risk-set comparison between three population based US Studies linking birth records with child 
protective services (CPS) records.(83,86,87) 
 
Putnum-Hornstein et al. Wu et al. Parrish et al. 
Reported maltreatment by age 5 
years 
Verified maltreatment report by 
age 1 year 
Reported maltreatment by age 4 
years 
Risk-set factors included 
Medicaid coverage at birth Medicaid beneficiary On public aid at birth 
Missing paternity Unmarried Unmarried 
<=24 years maternal age Low birth weight infant Low maternal age and education 
combined 
<= high school maternal 
education 
Maternal smoking Maternal smoking 
3+ siblings 2+ siblings Maternal IPV or Sexual Assault 
Prenatal care imitated after 1
st
 
trimester 
 Maternal illicit substance use or 
binge drinking 
Major implications (Among those with 3+ risk factors, any combination) 
50% of the maltreatment cases 
identified in 15% of the birth 
population 
50% of the maltreatment cases 
identified in 13% of the birth 
population 
52% of the maltreatment cases 
identified in 18% of the birth 
cohort 
Major implications (Among those with 2+ risk factors, any combination) 
Unavailable  83% of the maltreatment cases 
identified in 38% of the 
population 
75% of the maltreatment cases 
identified in 32% of the birth 
cohort 
 
These identified factors have been well documented in the literature; however the use of 
population-based data can allow interpretation within the context of the underlying population distribution. 
With this information, measures such as the population attributable risk can be used to direct targeted 
prevention efforts. In the context of prominent theories, and as evidenced by the volumes of research 
assessing the risk and protective factors, parsing the causes of maltreatment does not likely follow a 
simplistic causal model, thus comprehensive data sources that move beyond the factors present on the 
birth certificate are absolutely crucial for birth-cohort linkage studies. 
2.6 Theoretical basis for maltreatment study design development 
The causes of child maltreatment are universally believed across disciplines to be multi-
dimensional, meaning multiple factors at various proximities to the child over time and space influence 
maltreatment events.(15) To understand the complex etiologies of both the causes and consequences of 
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child maltreatment, sound theoretical constructs are needed.(185) Cicchetti and colleagues suggest that 
the underlying theoretical frameworks should account for multifaceted influences (186) and view 
maltreatment within the context of normal child development.(185,187) 
While child maltreatment is a general term to describe childhood victimization (physical, sexual, 
emotional, or any combination of these) or neglect by a parent or caregiver, it should be considered that 
the distinct types of maltreatment (e.g. abuse, sexual abuse, neglect) may have unique causal 
pathways.(185,188,189) Herrenkohl  et al. reviewed nearly 3,000 incidents of maltreatment and 
documented that 1) physical abuse had a stronger link with child behaviors, 2) emotional abuse was most 
strongly associated with adult conflict, and 3) neglect was characterized by lack of assumed parental 
responsibilities.(190) Regardless of the type of maltreatment however, the events that lead to any single 
episode of maltreatment are often multi-faceted, thus the broad theories utilized to conceptualize these 
contributions are likely interchangeable. 
The ecologic model is arguably the most popular framework utilized for many behavioral health 
outcomes due to its flexibility, simplicity, and agreement with both psychological and physiological 
development process. Its origins lie in a “nested systems” approach expanded by Belsky.(13) Building on 
Bronfenbrenner’s ecological child development theory,(191) Belsky postulated that a nested system at 
the ontogenic, microsystem, exosystem, and macrosystem in which a variety of factors at each level act 
to influence behavior.(13) Factors may act individually or in concert across levels. The ontogenic level 
relates to individual factors of the parent of caregiver that are likely antecedents of maltreatment. This 
may include factors such as mental health, substance use, and personal childhood trauma. The 
microsystem level describes the events, environments, and characteristics that are immediate proximity of 
the child. Included in this level are caregiver relationship status, number of siblings, crowding, poverty, 
and child factors such as child disabilities and health. The exosystem level specifies the context with 
which the family exists. This level relates to community factors such as crime and victimization, 
economics, social supports, and safety. The macrosystem level describes the overall societal and cultural 
contexts in which the family and community strive. This systems level of influence is on cultural values, 
priorities, social norms, and judiciary laws.(13,192) Blesky and others have expanded the intrinsic child 
development theories to account for the multiple dimensions of influence on behavior.(13,191)  
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The ecological model has proven to be an excellent framework for conceptualizing maltreatment 
research. It is highly applicable due to its ability to capture the complex etiologies at play. Zielinski utilized 
the ecologic framework to review and describe the literature on the sequelae of maltreatment. Within this 
framework the author considered the contextual factors at each level and determined that the variability in 
the outcomes of maltreatment are both influenced and modified by the transactional effects between 
factors and levels.(15) The Zielinski paper was important for maltreatment research for two reasons. First, 
the idea of identifying a single direct causal factor for maltreatment has limited applicability, and it likely is 
irrelevant to attempt to identify a universally necessary factor. This failure is directly related to the large 
degree of heterogeneity found in maltreatment. Utilization of multi-level approaches such as the 
ecological approach is necessary to accurately model the etiology of maltreatment.  
By conceptualizing the risk and protective factors into levels of influence within the ecologic 
domains, theory driven methodological processes can be initiated and interpreted appropriately. Second, 
by explicitly qualifying risk and protective factors into domains of influence, analyses can appropriately 
account for the clustering of influence that can occur at the family, community, and society levels. For 
example the risk factor of maternal marital status is not independent between siblings in the home. 
However, this approach allows for the realization that the individual influences of this exposure may vary 
by individual and timing of exposure.  
2.7 Summary  
Given the strong associations between maltreatment and many important behavior and health 
consequences, prevention of maltreatment should be a key priority for improving the health of the 
population. To establish strong public health efforts, a foundation of research studies anchored in theory 
is needed. The most universal theory available for studying the multifaceted influences of maltreatment is 
the ecologic theory that describes the transactions across the individual, family, community, and 
culture/policy domains. The causes and contributors to episodes of maltreatment are multifaceted and 
require innovative and rigorous study designs capable of collecting a broad set of factors at multiple 
ecologic domains. To adequately apply theory to research studies, novel methods are needed that can 
expand and measure multiple data elements at each level of the socio-ecologic model, but can be 
conducted rapidly and without the cost and time required for dedicated prospective cohort studies. Data 
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linkage studies using birth cohorts provide one opportunity for addressing this need. However, large birth 
cohort linkage studies are often limited in covariates available. Additionally, such designs in the US rarely 
account for longitudinal changes over time or censoring due to emigration. This dissertation contributes to 
the field of maltreatment research by measuring potential sources of bias in birth cohort linkage studies 
and implements a novel methodology for measuring the incidence of maltreatment over time. Only with 
quality longitudinal data sources with expansive data elements, and improved maltreatment detection with 
reliable classification, will we be able to accurately predict, target, and prevent child maltreatment. 
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CHAPTER 3: STATEMENT OF SPECIFIC AIMS 
Population based longitudinal cohort studies using administrative data linkages between birth and 
child protective services records have emerged as an efficient strategy for studying child maltreatment. 
These linkage studies, however, are limited in their ability to measure a diverse set of covariates, thus 
limiting control of confounders. Furthermore, these studies are unable to accurately follow and account for 
the complete cohort over time. Non-linkages are thus assumed to remain in the cohort and free from the 
outcome. Finally, these studies often rely only on official maltreatment reports, and these are known to 
underestimate the true incidence of maltreatment.   
This research implemented the first two phases of a research strategy suggested over 2 decades 
ago by Bertolli et al.(1) we linked the Pregnancy Risk Assessment Monitoring System (PRAMS) survey 
with administrative data sources, novel Alaska population data sources, and a 3-year follow-up survey to 
PRAMS. The purpose of this research was to use this resource to quantify the impact of non-linkage 
assumptions and other methodological aspects of linkage, on effect estimates.   
Aim 1:  Quantify the impact on the incidence and effect measures of child maltreatment of 
methodological elements (such as linkage completeness and censoring) when using secondary 
data sources and administrative record linkages to establish and prospectively follow an Alaskan 
birth cohort.  
Approach: Utilize existing data sources and probabilistic data linkage methods for cohort creation 
and maintenance over time. Data sources include the PRAMS 2009 sample, 3-year PRAMS follow-up 
surveys, and administrative records (e.g. Child Protective Services, Medicaid, Juvenile Justice, court 
records, law enforcement, child advocacy center, and others).   
Significance: Prospective cohort studies of child maltreatment can be accomplished and collect a 
wide array of risk and protective factors in a more cost-effective and comprehensive manner if 
secondary data sources are leveraged. Prior population based cohort studies on maltreatment using 
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data linkages were unable to document assumptions made about non-linkages, this study measured 
the impact of these assumptions on effect and frequency estimates.  
Aim 2: Examine the inter-rater reliability of the process used by the Alaska Child Death Review 
program to classify child maltreatment.   
Approach:  The internal consistency classification of the Alaska CDR Maltreatment designation will 
be assessed using an inter-rater reliability framework. Reliability of the public health classification 
schematic for infant and child fatalities occurring in Alaska will be evaluated. Due to the small number 
of total infant and child deaths that occur in Alaska each year and the low overall prevalence of 
maltreatment specific mortality, all deaths occurring among infants and children born during 2009-
2010 and died prior to 2015 will be eligible for re-review. Deaths of birth that never left the hospital 
and had no clear maternal substance utilization of intentional trauma will be excluded. 
Significance:  Quantifying maltreatment through official records or survey is problematic due to 
detection and recall influences. Official records based on reports of maltreatment are known to 
underestimate the true incidence as they only detect cases in which a mandatory reporter (or other 
reporter) recognizes and calls child protection. Survey or questionnaires may be influenced by recall 
or other information bias as self-reported maltreatment will likely miss-specify early life experienced 
maltreatment, and proxy-reporting of a parent or caregiver may misrepresent experienced 
maltreatment out of fear of consequences. Due to these weaknesses in maltreatment outcome 
classification, developing a standardized process for fatal maltreatment identification is crucial for 
improving the reliability and validity of effect estimates.   
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CHAPTER 4: METHODS 
The design of this dissertation was informed by the work of Bertolli (1). Bertolli suggested using 
four phases that “mix” research designs. The four phases that include a population based cross-section 
study, cohort study, follow-up cross-sectional study, and nested case-control study.(1) The advantage of 
this method is that it leverages the strengths of designs and mitigates some of their individual 
weaknesses. Further reduces the burden for conducting large-scale longitudinal studies by mixing the 
designs to replicate longitudinal comprehensive assessments which are scaled based on the research 
intent. We implemented each strategy of this design using survey and administrative records to develop 
the Alaska Longitudinal Child Abuse and Neglect Linkage (ALCANLink) project. Table 4.1 presents the 
suggested methodology by Bertolli et al. and the ALCANLink processes that were influenced by this 
suggested study methodology. There is not a one-to-one relationship for Phases 3 and 4 (we did not use 
CUBS for outcome assessment, and we did not conduct a nested case-control study), but there is a close 
relationship for Phases 1 and 2.  
 
Table 4.1 Relationship between the mixed-design strategy proposed by Bertolli et al. (1) and the 
ALCANLink project. 
 
 Bertolli et al. ALCANLink Project 
Phase 1 Population based representative 
sample and interview on individual, 
child, and family factors 
Utilized the Alaska Pregnancy Risk Assessment 
Monitoring System (PRAMS) to capture geographic, 
demographic, and behavioral risk factors. 
Phase 2 Follow a sub-sample of Phase 1 
children prospectively using self-
administered survey and official 
agency reports.  
Linked PRAMS cohort with administrative sources 
and unique Alaska datasets annually. 
Phase 3 Follow-up cross-sectional study to 
identify maltreatment cases that are 
missed through official reports and 
expanded risk factors 
Future study using 3-year follow-up survey and 
others 
Phase 4 Nested case-control to address 
emerging research studies. 
Future studies 
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We accomplished this project by using data from multiple sources. As each aim has specific 
methodologies we describe the methods for both Aim 1 and Aim 2 individually, however prior to 
describing these approaches we briefly describe ethical considerations and data sources used. 
4.1 Human subjects considerations 
Participants responding to the 2009 PRAMS survey consented to having their survey responses 
combined with other information the Alaska State health department has about them to “evaluate other 
public health programs” (for consent form see APPENDIX 2). All linkages and access to sensitive 
information was performed by the State of Alaska, within the Division of Public Health, Section of 
Women’s Children’s and Family Health in accordance with governing state law as outlined in AS 
18.15.355 – AS 18.15.375.  All data remain under the authority and control of the State of Alaska.   
The data were collected, linked, and stored by the principal investigator acting in his capacity as a 
state employee, and performed these functions in accordance with all security and established 
confidentiality protocols of the State. All research conducted using the linked datasets require 
authorization through the MCH-Epidemiology Unit Manager, be completely de-identified, and have 
institutional review board approval. The unit manager is the direct supervisor of the doctoral candidate.  
Institutional Review Board approval for the two aims of this dissertation project were obtained from the 
University of North Carolina at Chapel Hill (IRB #15-1108 for aim 1, and IRB# 15-0997 for aim 2) and 
were overseen by the University of North Carolina at Chapel Hill Compliance office. 
4.2 Data sources  
We integrated a number of datasets to demonstrate the feasibility of expanding this population-
representative data linkage approach to a diverse range of data resources. We established a “core” set of 
data sources that were used to establish and track the representative sample population prospectively to 
measure cumulative incidence of maltreatment. The core sources used for population follow-up include 
PRAMS, vital statistics death records, and the Maternal Infant Mortality Review – Child Death Review 
(MIMR-CDR) program. Other sources were used to identify child maltreatment reports and collect 
indicators. Each data source used for this research study is introduced and briefly describe in this section.  
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Alaska Pregnancy Risk Assessment Monitoring System (PRAMS)  
The PRAMS survey collects self-reported information on maternal attitudes and experiences 
before, during, and after delivery of a live-born infant through a multi-modal survey design (mail or 
telephone). PRAMS is a state implemented survey organized by the Centers for Disease Control. The 
specified sampling frame is live births to Alaska resident mothers, with the sampling unit being live born 
infants recorded in Alaska’s vital records birth certificate file. Exclusions include out-of-state births to 
residents, in-state births to nonresidents, births missing a maternal last name on the birth certificate, 
delayed or early processed birth certificates, and multiple gestation births (one is chosen at random). The 
exclusions are primarily made due to operational difficulties in collecting responses from the birth mother 
and/or successfully obtain nondifferential information. Birth records are eligible for sampling when a 
minimum of 2 months and a maximum of 6 months have passed since the date of birth.   
Nearly one of every six live births is sampled through a stratified systematic sample of birth 
certificates.  Sampling is stratified by maternal race (Alaska Native and non-Native) and birth weight 
(<2500g and ≥2500g).  At weighting, frame misspecifications are corrected. All sampled respondents are 
linked with a final birth certificate file to calculate and apply nonresponse and noncoverage (those not 
represented)  weights to the overall sampling weight. The final analysis weight is the product of the 
sampling, nonresponse, and noncoverage weights. PRAMS methodology has been describe elsewhere. 
For the 2009 Alaska PRAMS sampling weights and description of the weighting see APPENDIX 3. 
To be included in the national PRAMS dataset and for the weighting to be considered a valid 
representation of the birth population, the minimum acceptable weighted (sample design adjusted) 
response rate is 65% (at the time of the 2009 PRAMS sample; PRAMS is currently lowering the response 
rate to 60% nationally). During the 2009 PRAMS study intake period, 11,317 live births were recorded by 
the bureau of vital statistics. A total of 284 births were excluded from the sampling frame due to meeting 
one of the aforementioned criteria resulting in 11,033 eligible live births. 1,235 of the 1,910 (65%) 
sampled mothers completed and returned the survey. The 2009 overall weighted response rate was 69% 
with stratum weights ranging between 54% and 72%. 
 34 
For the ALCANLink project, the 2009 PRAMS sample defines the base cohort and provides key 
baseline data on a variety of prenatal, birth, and postnatal attitudes, beliefs, and behavioral factors that 
can be used to better understand and predict child maltreatment events in the population. 
Childhood Understanding Behaviors Survey (CUBS)  
CUBS is a 3-year follow-up survey of mothers who previously responded to the Alaska 
Pregnancy Risk Assessment Monitoring System (PRAMS); three other states (Oklahoma, Rhode Island, 
and Missouri) currently conduct 2-year follow-up surveys to PRAMS. Analogous to PRAMS, CUBS uses a 
multi-modal survey design (mail or telephone) for data collection and is weighted to the birth year 
population using identical methodology to PRAMS. No other source of data in Alaska provides 
population-level epidemiologic data on children prior to school age. CUBS collects information on child 
health characteristics, health care services, nutrition, behavioral, violence, and other factors.  Further, 
CUBS responders are linked to their original PRAMS responses to provide longitudinal data to link 
prenatal and birth factors with subsequent childhood outcomes.   
All mothers responding to the original PRAMS survey are eligible for follow-up. Exclusions or 
losses to follow up include mothers that move out of state, mothers whose child died or was not living with 
her, or instances when the mother responding died. The specified sampling fractions and weights are 
constructed from the original PRAMS stratum, with all nonresponse and non-coverage weights being 
applied through poststratification of the sample using the same process as PRAMS. 
Of the 1,910 sampled on the original PRAMS survey in 2009, 1,694 (88.7) participants remained 
in the sampling frame after exclusion, which excludes 166 mothers lost to follow-up due to emigration and 
additional respondents excluded due to baby (n = 19), or child was not living with mother (n=30). One 
additional record was dropped due to technical errors with the original sample. The total eligible birth 
representation included the 11,033 from the PRAMS sample minus the 166 cases excluded, resulting in a 
birth eligibility of 10,867, and 10,822 on the sampling frame. Among the 1,235 PRAMS responders, 1,014 
remained eligible for follow-up after exclusions (166 emigration, 19, child death, 30 not living with mother, 
and 5 mother deaths). A total of 515 (50.8%) of the eligible PRAMS responders also responded to the 
CUBS survey. 
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The 2012 CUBS follow-up survey to the 2009 PRAMS sample provides key longitudinal 
supplemental data on a variety of maternal, parental and familial, attitudes, beliefs, and behavioral factors 
that may influence child maltreatment events among 3-year-olds.   
Permanent Fund Dividend (PFD)  
Adopted by constitutional amendment in 1976, Alaska established the Permanent Fund to 
reserve (save/invest) a portion of the newly acquired oil revenue generated from oil production. The intent 
was to have the resources from oil production benefit generations even after its decline. The dividend 
which is available to all legal and eligible Alaskan residents is a divided portion of designated investment 
earnings. From the initial payments in 1982, the fund has dispersed over 19 billion dollars to Alaskan 
residents. The lowest return per resident of $331.29 was in 1984, and the highest of $2,069.00 was in 
2008 (this included a $1,200 energy rebate)  
Eligibility for a PFD is defined by Alaska Statute and is specified as being physically present and 
a resident (actions indicating ones intent to remain indefinitely in Alaska) of Alaska during the complete 
calendar year (so for the 2014 dividend an individual must have been present during the 2013 year), and 
have not claimed residency in any other state or country or obtained any benefit as a result of a claim 
from another state since the first of the eligibility year. Additional exclusions for otherwise eligible 
residents include felony convictions and incarcerations due to a felony or two or more prior 
misdemeanors since 1997. Rules also govern the amount of time one must remain physically in Alaska to 
maintain eligibility. Individuals may be absent from Alaska for up to 180 days for any reason or more for 
specified “allowable absences”. All absences must be declared and defended. Allowable absences 
include: postsecondary education, vocation/professional education, active duty military service, 
employment aboard oceangoing vessel, medical treatment recommended by a licensed physician, 
providing immediate family care, settling estates, Congressional service, peace corps service, Olympic 
team member, or educational fellowship. All allowable absences require a minimum of 72 hours being 
physically present during the previous two years, and 30 days if claiming allowable absence for more than 
five years. Although anyone may apply, only those meeting the eligibility requirements receive a dividend.  
All children less than age 18 years require a sponsor (parent of legal guardian) to complete an 
application on their behalf. Infants born on or before December 31
st
 of the qualifying year are eligible for a 
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PFD. Emancipated minors and married minors must complete an adult form with supporting 
documentation.  
Since 2008, on average an estimated 93.0% of the state population applies for a dividend 
annually, with 86.6% of the population actually receiving payments. Among those who apply annually, 
93.1% meet the eligibility requirements and receive payment. This data system contains various 
demographic information about each individual and sponsor demographics for all minors. 
The annual PFD dataset is unique to Alaska, and we’re unaware of any other comparable source 
in any other state that is effectively an annual census. We used this source to identify out-of-state 
emigration in the ALCANLink study.   
Maternal Infant Mortality Review – Child Death Review (MIMR-CDR)  
Established in 1989, the Maternal Infant Mortality Review initially reviewed selected fetal and 
infant (<1 year of age) deaths with comprehensive reviews of all infant deaths beginning in 1992. Review 
of maternal deaths (deaths from any cause while pregnant or within one year of pregnancy) began in 
1999 and deaths of children ages 1 to 15 years (the Child Death Review) began in 2004.  
The MIMR-CDR review process is based on a national evidence-based model in which a committee of 
stakeholders and experts conducts ongoing and systematic collection, review, analysis, and interpretation 
of information surrounding individual deaths and makes recommendations as to how to prevent future 
similar deaths. The MIMR-CDR committee is a multidisciplinary group of Alaska professionals and child 
advocates who possess knowledge and experience relating to infant and child health and welfare. 
Members have expertise in a variety of areas relevant to infant and child health including neonatology 
and perinatology, family practice, obstetrics/gynecology, pediatrics, pathology and social work.   
Beginning in 2008 the committee adopted a tiered definition of maltreatment to expand 
classification and identification of deaths that are maltreatment-related due to any physical abuse, 
neglect, and/or gross-negligence (APPENDIX 6). Each maltreatment classification is evaluated and 
labeled as either “Yes”, “Yes probably”, “No”, “Unknown committee suspicious”, or “Unknown but 
unlikely”. This definition is not used for official designation or instigation of legal investigation, but rather to 
direct public health efforts.   
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We used the MIMR-CDR committee consensus determinations to identify maltreatment-related 
mortality. Furthermore the public health definitions were evaluated using an inter-rater reliability study of 
maltreatment classification to determine the consistency and reliability (Aim 2).   
Vital Statistics  
The Alaska Bureau of Vital Statistics (BVS) collects and maintains data on births, deaths, 
marriage, adoptions, induced termination of pregnancy, and divorce in Alaska. Any of these actions 
performed by a specified provider or authority are required under law to report these events to the Alaska 
BVS. BVS authority is granted under section 18.50.010 of the Alaska Statutes, and specifies the process 
under subsections. Births and deaths occurring to an Alaska resident in another state are obtained 
through cooperative agreements to ensure completeness of the information. The data collected by BVS is 
confidential and protected under public health law, privacy rules, and the Health Insurance Portability and 
Accountability Act (HIPAA). Electronic birth record data is available from 1990 thru 2012, and death 
record data available from 1980 thru 2012.   
From 2006 thru 2008, a little more than 11,000 Alaskan births occurred annually with three year 
fetal and infant mortality rates of 4.6 and 6.4 per 1,000 live births, respectively. The three year (2006-
2008) neonatal and post neonatal infant mortality rates were respectfully 3.0 and 3.4 per 1,000 live births.  
In 2008, 775 legal adoptions occurred, among which 404 were Native children, 259 White, and 64 
other. The adoption rate per 1,000 population among Alaska Native children was 6.6 times that of White 
children.  
The vital statistics data were used to capture demographic and other characteristics at birth and 
infant and child fatalities. Adoption data is considered a “sealed” record in Alaska and is highly protected 
and is not able to be linked.  
Office of Children’s Services (OCS)  
After, the territory of Alaska became a state in 1959, the State Constitution specified the Division 
of Social Services as the state agency to administer both social and financial assistance programs. 
Currently the Office of Children’s Services (OCS) with the Alaska Division of Health and Social Services 
(DHSS) is mandated to serve Alaska children in need of services and protection. The OCS supports 
families to ensure the well-being of children and youth of Alaska by serving families whose children have 
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been determined to be unsafe or at high risk of maltreatment by a designated parent of caregiver. One 
component of OCS is child protection, which receives and responds to allegations of maltreatment.  
All allegations of child maltreatment (known as Protective Service Reports or PSRs) received by 
the OCS are entered into an electronic data system and an assessment is initiated to gather information 
on the extent of the alleged maltreatment, circumstance, caregiver role, child impact, and other crucial 
information to determine if the PSR meets OCS jurisdictional responsibility and if a response is indicated.  
PSRs that meet initial intake criteria are “screened in”, assigned a priority, and investigated by a social 
worker. The social worker gathers information to determine if a child is unsafe or at high risk of 
maltreatment by the parent or caregiver and determines if the PSR is substantiated or unsubstantiated. 
Prior to 2015 the practice of investigation was narrowly focused on only making a determination regarding 
the alleged maltreatment at the time of the report. The current practice is now broader and evaluates if a 
present danger exists and the overall functioning of the family to determine the likelihood of impending 
danger.   
In 2006, the OCS transitioned to an official centralized electronic case management system 
called ORCA.  Prior to this time use of the electronic system was optional and regional based; the 
consistency and reliability of the new ORCA data stabilized by 2008. From 2009 thru 2012, on average 
approximately 10,500 unique Alaskan children ages 0-18 years had at least one allegation of 
maltreatment reported and recorded by the OCS. During this time the number of allegations per child 
ranged from 1 to 52, with 57% having 2 or less, and 95% having 10 or less total allegations.     
We captured all allegations regardless of if they are screened in for assessment as well as those 
screened in and the determinations made on them.  
Child Advocacy Center (CAC)  
Child Advocacy Centers serve children that have allegedly been victimized by child sexual abuse 
and severe physical abuse. The CAC model is widely used for responding to child sexual abuse and 
provides a coordinated multi-disciplinary team (MDT) effort in the investigation, prosecution, and 
treatment. One of the fundamental features of the CAC model is not only a coordinated effort of multiple 
disciplines responding to allegations of child victimization but to physically coexist in a common facility to 
create a safe, secure and supportive environment for children. Each CAC provides a MDT approach and 
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usually also provide forensic interviews, specialized medical and mental healthcare, and victim advocacy 
on site.  
Nationally over 750 CACs are in operations, with the National Children’s Alliance (NCA) assuring 
accreditation to ensure a standard of care is provided. Established in 2001, the Alaska Chapter of the 
NCA provides oversight, training, and direction to the CACs in Alaska. Currently 10 Alaskan CAC sites 
have an active accredited, associate, or affiliate membership with the Alaska Children’s Alliance (ACA) in 
Alaska, and three do not. The ten ACA affiliated sites use a common web based incident/patient 
management software for centralized case management allowing for unified data collection and analysis. 
Information about alleged victims, perpetrators, siblings, and demographic information are extracted, 
along with presenting complaint, investigation findings (interview, medical exam…), and any charges filed 
with outcomes if known of the judiciary proceedings. 
We were able to acquire data from 8 of the 10 CAC accredited, associate, or affiliate sites (see 
Figure 4.1 for map, with yellow stars indicating the location of site we obtained data from). Data from the 
CACs was used to supplement CPS reports to identify maltreatment in the ALCANLink cohort. 
 
Figure 4.1 Child Advocacy Center reporting data to the Alaska SCAN program and site location, 2016 
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Anchorage Police Department records 
Law enforcement data was only easily obtainable and available from the Anchorage Police 
Department (APD). Anchorage is Alaska’s most populated city and accounts for more than 40% of the 
state’s population. The APD data system does not directly associate alleged perpetrators with alleged 
victims making this system difficult to determine the relationship between the child and alleged offender. 
APD maintains records on all calls, responses, and charges. These data were used to extract children 
specified as a victim to neglect, sexual abuse, and physical abuse charges. 
Alaska has four major types of law enforcement agencies, local (city) police departments and 
state troopers.  Currently 39 cities in Alaska have local law enforcement. The rest of the state is managed 
by the State troopers. Many villages without law enforcement presence use village public safety officers 
(VPSO) to respond to and address immediate issues until the state troopers can arrive. A majority of the 
local city law enforcement is supported by the state troopers as well. The state troopers transitioned from 
a paper based system to a unified electronic system in 2012 and have been working to standardize the 
data. Due to the challenges in acquiring comparable data form these multiple law enforcement agencies 
and the new adoption of electronic records among the state troopers we only included APD data. 
Community Indicators Database 
Although not used in this study we linked with additional sources to expand the ALCANLink data 
project. The Alaska Division of Community and Regional Affairs (DCRA) in the Department of Commerce, 
Community, and Economic Development (DCCED) is the state designated agency to “advise and assist 
local governments” through a variety of supportive activities. The DCRA maintains a “Metadata” 
community database that collects information on community level demographics, location, history, culture, 
population, health care, transportation and other information from a variety of sources.  
The community profile data also maintains data from the Alcohol and Beverage Control board 
(ABC). Established in 1959, the ABC regulates and assures compliance of establishments and 
communities to Alaska state administrative rules. In 1986, the state of Alaska adopted a “local option” 
provision which enables communities to regulate sale, trade, importation, and possession within their 
jurisdiction. The local option requires a community determination through petition and democratic 
process. Communities are specified as, ”dry”, “damp”, and “wet” communities depending on the local 
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option specified. While variations exist, in general Communities that prohibit alcohol use, sale, trade, or 
import are dry, communities  that specify limits and enforce import, sale, possession and use are damp, 
and communities with no restrictions (other than that governed by state and federal law) are wet 
communities.  
The community profile is an aggregation of available data that is centralized and systematically 
collected from a variety of sources and kept current to enable the DCRA to better assist in strengthening 
community and local economies. http://commerce.alaska.gov/cra/DCRAExternal/community  
Master Client Index 
The Alaska Department of Health and Social Services (DHSS) developed an integration platform 
to link clients served by different agencies from within the department to improve and unify services. This 
system provides the most recent residence (as indicated in the PFD) and the agency specific 
identification code. This index has recently been updated and is known as the Client Services Dashboard 
which provides a more user friendly application. We used the old system to look up the responding 
PRAMS child and parents to identify if an individual had a record in specific systems, and collect this 
information to assist in linkages with systems that have limitations in extracting information or systems 
that are restricted in access. The index used required a direct look-up using date of birth and at least last 
name. Individuals matching the search criteria were returned and the correct person could be identified. 
Individuals found in the system (most were in the system do to PFD applications) were inspected and all 
identifiers for Medicaid enrollment, recipient of behavioral health services, and involvement with Juvenile 
Justice, were extracted and recorded in the master file for the PRAMS respondent child and parents. 
We captured identifiers from three systems (Medicaid, Juvenile Justice, and Alaska Division of 
Behavioral Health) using this system 
In Alaska, a family of four making less than $48,000, the children are generally eligible for 
Medicaid coverage. During the federal fiscal year of 2009, among children less than 19 years of age an 
estimated 41.2% of the children in Alaska were enrolled in Medicaid. Among all Alaskan Medicaid 
recipients 61.9% are children. Nearly 7,000 (~4.0%) uninsured children in Alaska are estimated to be 
eligible for Medicaid but are not enrolled.  
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The Division of Juvenile Justice (DJJ) currently provides correction to juvenile offenders through 
detention, probation, and resources services. Juvenile offenders are children and youth under the age of 
19 years who are arrested for a crime. From 2009 thru 2013, on average 2,234 unique youth are referred 
to DJJ, and account for approximately 7,000 offences annually. The preponderance of offences from 
2009 thru 2013 were against property (42%), followed by parole and conduct violations (25%), crimes 
against persons (17%), drug and alcohol abuse (8%), and public order violations (6%). All other violations 
were 1% or less (e.g. use of a weapon).  
Finally, the Alaska Division of Behavioral Health (DBH) is the designated state entity to manage 
and ensure the networks of behavioral health services are comprehensive, effective, and accessible. At 
each encounter with new clients DBH screens for depression, anger, and other psychological issues, 
poverty, safety (from self-harm and harm from others), family dysfunction, physical abuse, brain injury 
resulting in concussion, maternal alcohol use, and other personal and familial stressors and behaviors 
using the “Alaska Screening Tool” (AST). Among the 74 agencies reporting to DBH from 7/1/2013 thru 
6/30/2014 a total of 12,908 participants completed the AST. Among those responding to the AST, 63% of 
the respondents indicated substance abuse issues. Among mental health conditions, trauma was most 
commonly experienced (68%) followed by anxiety (64%), and depression (56%). Nearly 40% indicated 
experiencing a traumatic brain injury resulting in loss of consciousness, 78% indicated experienced 
adverse events, 20% specified intimate partner violence, and 8% indicated fetal alcohol spectrum 
disorders.   
4.3 Aim 1 Methods 
We sought to quantify the impact on measures of child maltreatment incidence and effect from a 
data linkage birth cohort study of censoring, linkage quality, and nonlinkage assumptions. 
4.3.1 Study population 
In 2009, 11,317 live births occurred in Alaska, and 11,033 met the PRAMS eligibility inclusion 
criteria. PRAMS attempted to survey 1,910 (16.9%) mothers of newborns, with 1,235 (64.7%) responding 
to the survey (69% weighted response rate). The 1,235 PRAMS respondents were utilized as the 
representative sample of births occurring in the State of Alaska during 2009.   
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4.3.2 Study design 
We conducted a retrospective cohort study that followed the 2009 PRAMS respondents 
prospectively through data linkages with vital statistics death records, and the Alaska PFD. The two 
primary outcomes of interest were any report of identified suspected maltreatment through multiple 
sources, and substantiated maltreatment reports by CPS. We assessed the impact of failure to account 
for emigration and poor linkage quality assumptions on these incidence estimates. Maltreatment is 
difficult to identify and classify. For this assessment we used first report regardless of screening or 
determination made by any of the agencies as the primary endpoint. Children experiencing reports are 
documented to be more similar to those investigated and those substantiated compared to children 
absent of a report.(83-85) 
4.3.3 Study construction 
We linked the 2009 PRAMS respondents to a core set of annual data sources to conduct cohort 
follow-up. Deterministic, probabilistic, and manual review methods were used to link the data. Linkage 
with these core datasets allowed us to identify and establish reasonable dates when individual members 
likely departed the population through either emigration or death. Using a hierarchical linkage process, 
the PRAMS respondents were linked first with the death records then followed by the PFD dataset. The 
advantage of the PFD data linkage is that it establishes, on an annual basis, residency in the state of 
Alaska. Figure 4.2 provides a visual representation of the core linkages over time and outcome 
ascertainment. 
 
Figure 4.2 Timeline of proposed sampling, reports, and censoring 
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All PRAMS respondent children were followed prospectively until a censoring event due to death 
or emigration. PRAMS mothers of infants are sampled between 2 and 6 months from the birth with time 
zero equal to the date of birth. This design is subject to left-truncation of survey results, which occurs due 
to the survey being completed after the natural time scale origin (birth). The specific scenario that would 
result in left truncation would be death from maltreatment prior to the administration of PRAMS. The 
impact of the left truncation however would have likely minimal effect on the outcome of interest. The 
delay in sampling from the time origin (birth) also has the potential for left censoring. The left-censored 
children are those that incur the outcome of reported non-fatal maltreatment prior to survey completion 
but are still captured in the study. Since the time origin was birth, and the outcome was reported 
maltreatment, the effect of left-censoring is minimal.  
Supplementary data linkages were also conducted to expand the elements available within the 
ALCANLink cohort to capture the untapped potential of these data sources for future analyses. 
APPENDIX 4 provides a list of elements and sources captured that provide either partial of complete 
information of the specified data element. To maintain these data a relational database was created and 
linked by the PRAMS child ID. This facilitates future analyses and efficient storage of these linked data. 
Figure 4.3 provides a data map of the relational linkages between record sources. 
We linked the source records to the base PRAMS sample in iterative steps. We first established 
the ALCANLink project by initially linking the PRAMS respondents to the core record sources (annual 
PFD datasets, and death records). We then linked these ALCANLink data to additional sources either to 
the full data or centralized data system that indicates if the subject has a record within a particular data 
system. Finally, we linked the caregivers as indicated on the birth certificate with CPS and APD data 
sources and also conducted provisional matches to identify presence/absence in records, again to 
demonstrate the untapped potential of this methodology for comprehensive analytic investigation. 
Due to the reliance on existing data sources to follow the cohort over time the ALCANLink project 
cannot mitigate losses to follow-up, thus extensive assessments and methodological corrections were 
utilized. Broad efforts to ensure correct data linkages and cohort identification were employed to 
accurately document all continued and eligible participants. The basic data linkage flow for study 
construction and systematic determination flow is depicted in Figure 4.4 
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Figure 4.3 Relational data linkage map, ALCANLink (n=1,235) 
 
 
REF: PFD = Permanent Fund Dividend, APD = Anchorage Police Department, CPS = Child Protective 
Services, CAC = Child Advocacy Center, PRAMS = Pregnancy Risk Assessment Monitoring System, 
CUBS = Childhood Understanding Behaviors Survey; SAMHSA = Substance Abuse and Mental Health 
Services Administration 
*Provisional linkages that only indicate if the subject is in the system (Y/N) 
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Figure 4.4 Conceptual data linkage (longitudinal flow) schematic, ALCANLink (n=1,235) 
 
 
4.3.4 Data linkages 
Based on prior experience integrating Alaska datasets using both deterministic and probabilistic 
(or Fuzzy matching) linkage methodology (102), we sought to create well-developed linkage processes 
that minimized linkage error. (86) For the ALCANLink project we performed both deterministic and 
probabilistic record linkages with scoring based on distance metrics and linkage probability scoring based 
on the methods implemented by Contiero.(193) Record linkages between large datasets require flexible 
statistical methodology that can identify record pairs correctly.(165) Record theory attempts to balance 
the probability of a chance and true agreement of record matches.(194,195) Advanced record linkage 
methodology under conditions of uncertainty was pioneered by highway safety which linked hospital 
admission data, the National Highway Traffic Safety Administration (NHTSA), and Emergency Medical 
Service (EMS) records.(196) The probabilistic linkages we used are simplistic relative to these more 
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complex approaches due to the available of unique and partial identifiers, and the small population in 
Alaska. (197,198)  
We performed initial data linkages using a training dataset to compare the success rates between 
the Fine-grained Record Integration and Linkage Tool (FRIL) (157,158) and the R RecordLinkage 
package.(199) The RecordLinkage package in R is extremely flexible and implements a variety of 
machine learning methods and linkage diagnostics that will be utilized to test the weighting 
determinations but was untested in this setting. Using FRIL as the standard we tested the success of 
multiple edit distance functions; include the Levenshtein algorithm, Q-grams algorithm, and Jaro-Winkler 
algorithm with those calculated through the Record linkage program in R. For a complete description of 
each linkage algorithm and scoring examples see APPENDIX 5.  
Adequacy of the R RecordLinkage package performance was based on a set of training data that 
contained 200 records, with 100 in each vector. We inserted string differences for 28 records ranging 
from single character transpositions to complete last name changes, and 17 records were unique, thus in 
the training dataset 55 records were identical, 28 had typos or other errors, and 17 were nonmatches 
totally 100 records. We compared the “adequacy” of the R Recordlinkage package based on the criteria 
specified in Table 4.2.  
We determined that the RecordLinkage package in R using the Jaro-Winkler distance algorithm 
and probability match score weighting to be equivalent to the standard “FRIL” (Table 4.3). The Iterative 
linkage passes were conducted at varying levels of influence based on the solutions determined through 
simulation of supervised and unsupervised optimization to minimize the number of manual review 
linkages in any given pass and limit the number of both false positive linkages and false negative non-
linkages. Under this process, the potential for erroneous linkage of twins with similar attributes, and 
mismatches due to name changes and typos, were reduced. It must be noted that while attempts were 
made to mitigate linkage error, in cases of complete name changes due to adoptions or other reasons 
positive linkages requiring detection and subsequent manual review were limited. Within the State of 
Alaska Adoption records are sealed and cannot be accessed. For additional linkage details and linkage 
rates please see the supplemental material contained in section 5.6.1. 
 
 48 
Table 4.2 Metric for classifying adequacy of data linkage relative to known training data 
Groupings Sensitivity Specificity Score 
Adequate 
linkage 
>=95% >=95% 10 
>=95% 85-94% 9 
85-94% >=95% 8 
85-94% 85-94% 7 
75 – 84% >=95% 6 
Marginal 75 – 84% 85-94% 5 
>=95% 75 – 84% 4 
75 – 84% 75 – 84% 3 
Poor <75% for either 2 
 
 
Table 4.3 Comparison of FRIL and R RecordLinkage package for probabilistic record linkage 
Groupings FRIL RecordLinkage 
Exact match 55 55 
Manual Review Range 0.80 – 0.99 0.80 – 0.99 
Suspected matches 86 88 
Total manual review matches 28 27 
Matches missed 0 1 
Incorrect matches 0 0 
Sensitivity 100 98.8 
Specificity 100 100 
Score 10 10 
 
 
Limitations with probabilistic linkages 
Data linkages are important tools to expand and improve measurements from single source 
studies.(12,149,196,200) However these linkages are subject to additional forms of variation and bias.(9) 
The quality and consistency of the incorporated data elements used for linkages can reduce the success 
of linkages. In cases where the linkage (or lack of a linkage) is related to a third variable which is also 
related to the exposure  and outcome the effect estimate would be biased due to misclassification of the 
outcome (Figure 4.5). Furthermore the methods utilized to conduct both direct (deterministic) and 
probabilistic linkages have limited review and standardized implementation in epidemiology research. 
Thus it is necessary to adequately evaluate the success of each linkage and quantify not only the 
processes utilized and the linkage errors, but also describe the context of the data and methods used. In 
any linkage approach, deterministic or probabilistic specific assumptions are invoked and must be tested.  
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Figure 4.5 Diagram of potential linkage misclassification  
 
Imagine “Tricare” is derived from dataset 1 (birth record) and “Report of Child 
Maltreatment” from dataset 2 (child welfare) and are linked on first name, last name, 
and date of birth.  If some unmeasured factor like “Mobility” is differentially associated 
with linkage quality by “Tricare” the effect estimate may be biased. 
 
 
Without any knowledge of the truth, probabilistic linkages between two sources can lead to 
erroneous combinations and exclusions.  Under the deterministic (exact match) model, input ‘A’ must 
explicitly equal input ‘B’ which can lead to a number of false negative matches but greatly limit false 
positive matches. The probabilistic approach attempts to balance the sensitivity and specificity. If the 
probabilistic approach utilized over matches and makes numerous mismatches the specified covariates 
identified in each input can result in deleterious impacts to etiologic assessments. The resulting bias 
would be immeasurable, without known direction, and potentially differential.   
4.3.5 Outcome ascertainment 
 For the ALCANLink project, we conducted multi-source data linkages to expand suspected 
maltreatment ascertainment. We linked records from child welfare, law enforcement, child advocacy 
centers (CAC), and the MIMR-CDR maltreatment determinations to develop a combined multi-agency 
maltreatment outcome measure representing suspected maltreatment. In Alaska, state statute mandates 
that specified professionals (e.g. Medical provider, education instructor) who have reasonable suspicion 
to report this suspicion to the state child welfare agency. We used a child based outcome, thus we 
measured time until first reported allegation of maltreatment to any of the three agencies (child welfare, 
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APD, and CAC), or maltreatment indicated by the MIMR-CDR as a cause or contributor to the child’s 
death. 
The multi-agency report included the Office of Children’s Services (OCS), 8 of the 10 active CAC 
agencies, the Anchorage Police Department, and the MIMR-CDR program. Each agency records 
maltreatment differently and required the development of systematic rules for making determinations and 
classifying maltreatment reports. We identified the date of first valid report within each agency, and 
subsequently the date of first valid report across agencies. The primary outcome was first report of any 
maltreatment to any of the included agencies. We also measured incidence to the endpoints of first child 
welfare only reports, first screened-in reports, and first substantiated report. 
4.3.6 Censoring and person-time 
Censoring due to out-of-state emigration, death, or administrative processes ended the 
accumulation of person-time in this study. We followed all 2009 PRAMS respondents prospectively from 
birth until 12/31/2014, or a censoring event due to death or emigration. Subjects were censored exactly 
on the date of death, and the mid-year of the subsequent year of the last Alaska PFD linkage. All 
remaining subjects were administratively censored at the end of follow-up.  
Due to the exact date of out-of-state emigration being unknown the midpoint of the year or 182.5 
days was assigned to emigration censored participants. We tested additional scenarios for censoring 
including 1) only censoring on death and assuming all other subjects that do not experience the outcome 
remain in the population outcome free, 2) censoring on death and only counting time when the PFD 
indicated an Alaskan residence, and 3) censoring on death and the last day of the year of the final Alaska 
PFD. We assessed the potential impact of using the last PFD linkage with a physical residence in the 
State of Alaska “AK” as the censoring event. We calculated total crude cohort calendar-time accrual when 
1) only “AK” was specified for a linkage excluding missing linkages or other state indications, 2) any PFD 
linkage regardless of physical residence, and 3) our chosen method which counted all time to last “AK” 
specification, and added 6 months to subsequent years. The total crude calendar-years of observations 
were 6,006, 6,392, and 6,231 calendar-years, respectively. Our classification method of the PFD returned 
6 instances where the last PFD date was less than the first maltreatment report. We reviewed each of 
these cases and identified 3 that appeared to be a year typo in one of the sources, and the other three 
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were within 6 months of the last PFD date. We therefore detected all cases within 6 months of the last 
PFD date and consistent with our mid-year classification. 
Finally, we created a dichotomist variable for censorship (0  = no censorship, 1 = censored) and 
calculated the crude unadjusted association between censorship and selected demographic and other 
factors as indicated on the birth certificate or the PRAMS survey (Table 4.4). We then created a final 
multivariable model that included only bivariate significant associations and found that Tricare paid births 
remained highly associated with censorship (OR = 10.5, 95%CI 6.0, 18.9), and Alaska Native mothers 
much less likely to be censored relative to White mothers (OR = 0.5, 95%CI 0.3, 0.8). We did this to 
measure if emigration was missing at random (MAR) or missing not at random (MNAR); it was impossible 
to distinguish missing completely at random (MCAR) through this assessment. Based on this analysis 
emigration is not missing (or rather occurring) at random and is related to known and measurable factors. 
4.3.7 Analysis 
The primary goal of Aim 1 was to establish if data linkage birth cohort that accounts for censoring 
is adequate for calculating reported maltreatment incidence estimates and subsequently identifying 
comprehensive data elements that would allow for etiologic assessments and predictive analytics. We 
describe the descriptive epidemiology, data linkages, and estimation of cumulative risk in this section.   
Prevalence and crude effect estimates between the complex sample and the source population 
with respect to specified and known population parameters relevant to maltreatment research obtained 
from the birth record were compared. We compared these estimates using the chi-square goodness of fit 
test. To account for the inflation of the sampling design, the test statistic was scaled by the PRAMS 
sample design effect (Rao & Scott). This test is realized with the formula: 
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Where 𝑂𝑖= the observed weighted frequency count at the i
th
 level of some categorical variable 
from a sample of N size and 𝐷𝑒𝑓𝑓𝑖  is the sampling design effect at the i
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 level, and 𝐸𝑖= the expected 
value at the i
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 level of some categorical variable and is calculated by multiplying the design effect total 
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sample size by the hypothesized or actual population proportion of the i
th
 level of some categorical 
variable squared. Maternal smoking reported during pregnancy was the only variable with weighted 
proportional distributions different from the birth record at an alpha of 0.05; the results of this assessment 
are presented in APPENDIX 8. 
We calculated the incidence proportion (“risk”) of first reported and recorded multi-agency 
allegation of maltreatment in the created longitudinal cohort. We estimated the survivorship function S(t) 
using a weighted Aalen hazard-based estimation (201) and 95% confidence interval on the log survival 
scale (202). We calculated the weighted cumulative distribution function F(t) from the weighted 
survivorship function S(t) [F(t) = 1 – S(t)]. We used weighted F(t) to estimate the incidence proportion of a 
multi-agency maltreatment report from birth through 5 years. Frequency counts are presented as actual 
participant responses and weighted proportions from the complex sampling design are noted as %w.  
To compare our risk estimates to those from other studies, we conducted additional analyses 
limited to only CPS substantiated reports, and compared the censored and uncensored estimates with a 
synthetic cohort and a few other similar studies but unable to account for emigration.  
We calculated crude Hazard Ratios (HR) for specified estimates with and without accounting for 
emigration censorship and then calculated the percent change between them to quantify bias. All 
analyses were conducted in R 3.1.0 (203) using the survey package (204). 
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Table 4.4 Unadjusted Odds of censorship among the PRAMS respondents, ALCANLink (n=1,235) 
  
Unweighted OR 
(95% CI) 
pvalue 
Weighted OR 
(95% CI 
pvalue 
Birth Paid by Tricare (ref = Other) 12.3 (8.5, 18.1) <0.001 13.3 (8.4, 21.8) <0.001 
Male Sex (ref = Female) 1.2 (0.9, 1.5) 0.301 1.3 (0.9, 1.8) 0.087 
Maternal education 12+years (ref = <12 
years) 
1.3 (0.9, 1.9) 0.246 1.2 (0.8, 2.1) 0.387 
Married (ref = unmarried) 2.2 (2.9, 1.7) <0.001 2.3 (1.6, 3.4) <0.001 
Mom drink during pregnancy (ref = no 
drinking) 
0.8 (0.3, 1.6) 0.545 0.9 (0.4, 2.6) 0.827 
Mom Smoke during pregnancy (ref = no 
smoking) 
0.8 (0.6, 1.1) 0.236 1.2 (0.8, 1.9) 0.469 
Maternal Race (ref = White)     
    Black 3.2 (1.7, 6.0) <0.001 3.2 (1.3, 8.7) 0.013 
    Native 0.3 (0.2, 0.4) <0.001 0.3 (0.2, 0.4) <0.001 
    Asian/PI 0.9 (0.5, 1.5) 0.602 0.7 (0.3, 1.4) 0.332 
No Birth Defect on BC (ref = Birth defect) 0.7 (0.3, 1.4) 0.248 0.9 (0.4, 2.6) 0.889 
Not Medicaid eligible (ref = eligible) 2.4 (1.8, 3.1) <0.001 2.3 (1.7, 3.2) <0.001 
Father Name on BC (ref = non father 
listed) 
0.8 (0.5, 1.3) 0.385 0.7 (0.3, 1.3) 0.209 
Maternal age at birth (continuous) 1.0 (0.9, 1.0 0.281 1.0 (0.9, 1.0) 0.591 
Maltreatment Report (ref = no 
maltreatment report) 
0.6 (0.5, 0.9) 0.003 0.8 (0.5, 1.2) 0.275 
Divorced/Separated 12month before 
pregnancy (ref = no) 
1.6 (1.1, 2.4) 0.018 1.3 (0.7, 2.1) 0.360 
Moved in 12 months before pregnancy (ref 
= no) 
1.7 (1.3, 2.2) <0.001 1.4 (1.0, 1.9) 0.048 
I lost my job 12 months before pregnancy 
(ref = no) 
1.4 (0.9, 2.2) 0.111 1.9 (1.1, 3.2) 0.021 
Partner/Husband lost job 12 months 
before pregnancy (ref = no) 
0.8 (0.5, 1.3) 0.426 1.0 (0.6, 1.8) 0.883 
OR = Odds Ratio 
 
 
4.4 Aim 2 Methods 
Examine the inter-rater reliability of the process used by the Alaska Child Death Review program 
to classify child maltreatment. The primary goal of specific Aim 2 is to quantify the reliability of 
maltreatment classifications made by child death review panels.   
4.4.1 Alaska Child Death Review Panels 
Alaska has two child death review processes. The Child Fatality Review Team (CFRT) is 
operated by the state Medical examiner with statutorily defined team membership. The CFRT is an 
extension of the investigation and is used to primary assist the ME in assigning cause and manner of 
death, identify if a caregiver or other person could be held liable and prosecuted, and determine if other 
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children are in the home and at potential risk of harm; as defined by law, no data is collected or recorded 
at these meetings. The MIMR-CDR (as described above in section 4.2) is based on the national 
evidence-based child death review model and with the primary purpose of collecting and aggregating 
factors that cause and contribute to fatalities to inform prevention recommendations.  
MIMR-CDR panel is a retrospective review, and prior to 2015 was generally reviewing deaths 
approximately 2 years after occurrence but has since absolved the backlog to review occurring between 3 
months and 1 year after death. The MIMR-CDR program is a statewide centralized review that collects 
medical, law enforcement, investigative, pathology reports, child welfare, and any other relevant records 
to create comprehensive review files for each child death. Only legally adjudicated deaths are able to be 
reviewed. The MIMR-CDR program convenes monthly review meetings with the minimum required 
attendance of three panel members (one of which must be a physician) to allow for consensus 
determinations. Panel members often participate in multiple review panels each year, with an average 
panel size being five reviewers consisting of predominantly medical and public health professionals. Child 
welfare, tribal, law enforcement, medical examiner, and mental health representatives participate when 
available. Each death is reviewed in detail by two panel members and presented to the larger group. 
Using a standardized tool, they have a structured discussion and come to consensus regarding the 
circumstances surrounding the death and consider the context of the family and physical/social 
environmental influences. This consensus information is recorded and entered into a database for future 
aggregated analysis.   
4.4.2 Study design  
For this aim we used an inter-rater reliability framework by comparing classification consistency 
between the initial review and secondary review of a set of common deaths by two independent MIMR-
CDR review panels.  
We measured the internal classification reliability of the Alaska CDR Maltreatment designation of 
the polytomous classification schematic of three specific questions related to abuse, neglect, and gross-
negligence for a specified number of infant and child fatalities occurring in Alaska.  
Alaska has collected maltreatment-related mortality data using a standard definition since 2008 
which is directly linked with PRAMS data. Due to the small number of infant and child deaths (<6 years of 
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age) that occur in Alaska each year (~50), and the low overall prevalence of maltreatment specific 
mortality, this analysis extended beyond the 2009 PRAMS cohort. All deaths occurring among infants and 
children born during 2009 or 2010 who died prior to 2015 were included in this analysis.  While all infant 
and child deaths occurring among the 2009-2010 birth cohorts were eligible for inclusion, deaths among 
infants that never left the hospital after birth and where no known maternal substance use or inflicted 
trauma was indicated were excluded from this analysis.  
4.4.3 Data collection 
The MIMR-CDR program agreed to re-review a total sample of up to 100 deaths.  Among the 
2009 PRAMS cohort, 29 deaths occurred by 2014, among which 21 had been reviewed previously by the 
MIMR team. All infants and children born between 1/1/2009 and 12/31/2010 who died in Alaska prior to 
12/31/2014 were eligible for inclusion in this study (n=116). The initial review of these deaths by Panel 1 
occurred during 2009-2014. Panel 2 met during 2015 to review these deaths. All deaths being “re-
reviewed” required a lag period of at least 6 months prior the second review to reduce the chance of 
panel members recalling prior classifications (as some committee members may have participated on 
both panels). In the current study, we attempted to “blind” the reviews of the second panel by removing all 
previous notes from the first panel. Where possible we also ensured that, for each death, the primary and 
secondary reviewers for the second panel were unique from the first panel (this was not possible for two 
deaths). Six of the 39 total reviewers participated on both the initial and second panels accounting for 24 
of the 101 deaths. For 37 deaths only the primary and secondary reviewers were recorded. Deaths not 
reviewed by the first panel prior to January 31, 2014 (n=15) were excluded.  
The re-reviews for this Aim were conducted by the Alaska MIMR-CDR program within the Alaska 
Division of Public Health as part of an overall programmatic quality improvement initiative. All data 
collection, contact with reviewers and case files was conducted by the Alaska MIMR-CDR program. A 
research dataset was provided to the Principal Investigator (PI) for this proposed aim which contained a 
unique research identifier. The key code linking the research identifier remained with the MIMR-CDR 
program manager and was not accessible to the research team. 
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The MIMR-CDR program data extraction specialist provided additional support to the research 
team for needed to review records and quantify missing records, and confirm demographic, social, and 
other known factors that have been indicated to influence concordance.  
4.4.4 Maltreatment classifications 
Beginning in 2008 MIMR-CDR adopted a sensitive tiered maltreatment definition to expand 
classification and identification of deaths that were maltreatment-related due to any physical abuse, 
neglect, and/or gross-negligence. Each death is evaluated for maltreatment, and through consensus the 
MIMR-CDR panel labels each death as either “Yes”, “Yes probably”, “No”, “Unknown committee 
suspicious”, or “Unknown but unlikely”. This definition is not used for official designation or instigation 
legal investigation, but rather to lead public health prevention efforts.   
The Alaska maltreatment classification questions used during this study period are slightly 
different from the national classification questions. Although different, both allow for a degree of ambiguity 
by allowing for “possible” maltreatment. Like the National model, Alaska includes a category for 
Negligence. (see APPENDIX 6 for the Alaska and National questions). This category was included in 
Alaska to differentiate between Neglectful acts and seemingly lesser acts or behaviors such as 
inappropriate supervision that resulted in an adverse outcome. While the definition of omission utilized 
specifies without regard to intent the Alaska committee concluded that the preventative approaches and 
interventions are likely somewhat differential and should be differentiated between Neglect and 
Negligence.  
All forms of maltreatment (Abuse, Neglect, and Negligence) are assessed using the omission and 
commission definitions and are outlined as: 
Abuse: Words or overt actions that cause harm, potential harm, or threat of harm to a child.  Acts 
of Abuse are deliberate and intentional: however, harm to a child may or may not be the intended 
consequence. Intentionality only applies to the caregivers’ acts – not the consequences of those acts.  
For example, a caregiver may intend to hit a child as punishment (i.e., hitting the child is not accidental or 
unintentional) but not intend to cause the child to have a concussion.   
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Neglect: The failure to provide for a child’s basic physical, emotional, or educational needs or to 
protect a child from harm or potential harm. Like acts of abuse, harm to a child may or may not be the 
intended consequence. 
Gross negligence: Similar to Intentional Neglect which addresses the failure to provide or protect 
a child from harm or potential harm, but also includes the failure to exercise reasonable care that would 
be expected of any other person in a similar situation because of the perceived risk of a negative 
outcome. 
4.4.5 Analysis  
We assessed the inter-rater reliability between two review panels for the same set of cases using 
weighted Kappa statistics and percent agreement. We calculated the weighted Kappa as proposed by 
“Fless-Cohen” that uses a quadratic weighting of the discordant pairs assuming ordinality to emphasize 
close matches to the diagonal more heavily than distal matches.(205) We constructed 6x6 cross-
classification (i.e. confusion matrix) tables for abuse, neglect, and negligence. Overall agreement was 
derived by combining the three cross-classification tables of abuse, neglect, and negligence. Cell totals 
were created by averaging the cross-classification summary table cells to preserve the combined 
marginal distributions and prevent variance inflation. From this combined table we calculated an overall 
maltreatment percent agreement and weighted Kappa statistic. Table 4.5 presents the combined cross-
classification table between panels and documentation describing the calculations to derive the weighted 
Kappa (each cross-classification table for abuse, neglect, and negligence can be viewed in APPENDIX 7) 
We also assessed each classification matrix (Abuse, Neglect, Negligence) for rater bias using a 
rater bias coefficient and tested for proportional differences using Chi Square test.(206) We calculated the 
incidence estimates and 95% Confidence Intervals (95% CI) for both panels, intersect between panels, 
and union of the two panels. 
We examined the effect of the observed reliability on cumulative incidence estimates per 1,000 
live births. As a working assumption, the “Yes” and Yes probably” categories were combined and 
assumed to represent a maltreatment positive surrogate. A lower bound on incidence was assumed to be 
the deaths classified as “Yes” or Yes probably” by both panels (“panel-intersection”), and a upper bound 
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on incidence was assumed to be the deaths classified as “Yes” or Yes probably” by either panel (“panel-
union”).  
Finally, we measured the influence of demographics, missing information, and presence/absence 
of select factors known to be related with maltreatment to determine if classification consistency or 
discordance is influenced by the factors. 
It should be noted that the assumption of sample independence is violated in the proposed study 
as the individual reviewers may be the same in the second review as in the initial review. The detection 
probability of maltreatment for any given case is assumed to be independent of prior classification and 
only varies by committee membership and heterogeneity of the questions. Under these assumptions the 
probability of maltreatment classification (the unit of measure) is conditionally dependent on the sampling 
unit (the child) but independent of the review committee. The null hypothesis assumes that the conditional 
probability of classification for individual (p) in the initial review will equal the conditional probability of 
individual (p) in the re-review. 
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Table 4.5 Overall derived cross-classification of maltreatment between panels one and two with analysis 
methods described, (n=101) 
 
  Re-review  
 
 No Unknown 
but 
unlikely 
Unknown 
committee 
suspicious 
 Yes 
probably 
Yes Total 
In
it
ia
l 
R
e
v
ie
w
 No 47 4 4 2 1 58 
Unknown but unlikely 6 3 2 1 1 13 
Unknown committee 
suspicious 
3 1 4 0 2 10 
Yes probably 2 0 0 3 1 6 
Yes 3 1 2 1 7 14 
  Total 61 9 12 7 12 101 
 
Fleiss-Cohen weights = 1 − [(𝑟𝑖 − 𝑑𝑗)
2
/(𝑀 − 1)2], where 𝑟𝑖= distance of i
th
 cell from the j
th
 
row/column diagonal, setting d = 0, and M = max row/column count. 
The weighted Kappa is calculated as 
(∑ 𝑃𝑟 (𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑)𝑖𝑗
25
1 )−(∑ 𝑃𝑟 (𝑒𝑥𝑝𝑒𝑐𝑡𝑒𝑑)𝑖𝑗
25
1 )
(1−∑ 𝑃𝑟 (𝑒𝑥𝑝𝑒𝑐𝑡𝑒𝑑)𝑖𝑗
25
1 )
, where 𝑖𝑗= the row/column 
cell.  
For example, in row (i) “Yes probably” and column (j) “No” cell intersect the weight for this cell is 
calculated as 1-[(3-0)
2
 / (5-1)
2
] = 0.4375. The probability overserved [Pr(observed)] = (2/ 101)*0.4375 
= 0.01, and the probability expected [Pr(expected)] = [((61*6)/101) / 101]*0.4375 = 0.02.  
The weighted Kappa is the sum of the 25 observed probabilities of all cells minus the sum of the 
expected of all cell probabilities, divided by 1 minus the sum of the probabilities of all 25 expected 
cells which equals [(0.8962 – 0.7374) / (1 – 0.7374)] = 0.605. 
Percent agreement for the full confusion matrix is the sum of the cross-diagonal cells divided by 
the table total = [(47+3+4+3+7) / 101] = 63.4%. The row/cell percent agreement is calculated by the 
row/cell diagonal intersect divided by the row/cell total, for example for the No/No intersect the 
percent agreement = [47/ (47+6+3+2+3+4+4+2+1)] = 65.3% 
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CHAPTER 5: BIAS IN LONGITUDINAL DATA LINKAGE STUDIES OF CHILD MALTREATMENT 
 (AIM 1 PAPER) 
 
5.1 Background 
Child maltreatment, which includes all forms of physical and sexual abuse, neglect and 
negligence, and mental injury by a parent or other caregiver, is under-studied relative to its public health 
significance and impact on children.(2,207) Given the complex etiologies contributing to maltreatment, it 
is important to focus and evaluate prevention efforts using analytical models that utilize longitudinal data 
sources. (30,185) However, studying maltreatment in population-representative samples using a 
traditional prospective cohort study design is conceptually and logistically challenging.(1,164) Large 
prospective cohort studies are expensive, time-consuming, and require extensive administrative support 
for participant follow-up. Due to immense resource, time requirements, and potential for bias resulting 
from differential attrition related to maltreatment in primary collection population cohort studies, alternative 
methods have been investigated for generating population-representative longitudinal studies to study 
maltreatment. 
Accordingly, large scale linkage projects combining statewide birth records with child protective 
services records have emerged as a health informatics approach to maltreatment 
research.(87,149,159,166,168) Large scale birth cohort linkages in New Zealand and Canada have 
demonstrated the immense benefit of studying maltreatment through administrative record 
linkages.(157,160) In the US, linkage studies of birth cohorts in California, Florida, Texas, and Alaska 
have highlighted the promise of this approach to study many child health outcomes and measure the 
cumulative incidence of maltreatment over time.(83,87,175,176)  
The use of entire statewide birth cohorts means these cohorts typically have good statistical 
precision. However, their results are still subject to systematic error.(1) Bias may result from a number of 
factors,(9) including 1) the influence of unknown selection factors associated with registration on 
administrative databases, 2) pragmatic difficulties associated with accurately tracking all subjects over 
time using routine administrative databases, 3) limitations in availability and scope of meaningful data 
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elements for analysis, 4) reliance on official reports of maltreatment to capture the outcome, and 5) 
linkage misspecifications. Limited research to date has assessed the potential influence of these sources 
of bias on child maltreatment data linkage studies. 
We recently piloted a novel data linkage approach to child maltreatment research using the 
Pregnancy Risk Assessment Monitoring System (PRAMS) sample in Alaska.(86) Our pilot study linked 
the 1997-1999 PRAMS respondents to CPS reports occurring within 48 months of PRAMS survey 
completion. This pilot study estimated that by age four 13.9% of the birth population would experience a 
report to the child welfare agency. Further, we found comparable associations between birth record 
factors and maltreatment reports to those published in the literature using full birth cohorts.(83,87) This 
paper expands greatly upon these initial data linkage efforts and describes the creation and validation of 
the Alaskan Longitudinal Child Abuse and Neglect Linkage (ALCANLink) project that integrates 
epidemiologic survey and multi-sector administrative data (12) to create a comprehensive longitudinal 
birth cohort. We describe the potential bias in incidence estimates and hazard ratios resulting from 
incomplete probabilistic data linkages, nonlinkage assumptions in birth cohort linkage studies, and 
examine the benefit of outcome ascertainment using multiple data sources.  
5.2 Methods 
The ALCANLink project described in this paper linked the 2009 PRAMS respondents with annual 
vital statistics, child death review, and Permanent Fund Dividend (PFD) records to follow the PRAMS 
cohort over time. Additional linkages to capture the suspected maltreatment and increase covariate 
ascertainment are depicted in Figure 5.1.  
5.2.1 Cohort establishment 
We established the cohort using a birth cohort sample based on the PRAMS survey. PRAMS 
provides a rich set of population-representative exposure measures that are substantially more detailed 
than those obtained from birth records alone. Alaska PRAMS uses a representative stratified systematic 
sample of annual resident live births. It oversamples Alaskan Native and low birth weight (<2500 grams) 
infants for reasons of statistical precision. Oversampling and nonresponse are reflected in post-
stratification sample weights. Complete PRAMS methodology is described in detail elsewhere.(208) 
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In 2009, 11,317 live births occurred among Alaska resident mothers, with 11,033 meeting 
inclusion criteria. PRAMS attempted to survey 1,910 (17.3%) of these eligible mothers of newborns, with 
1,235 (64.7%) responding to the survey (69% weighted response rate).  
5.2.2 Cohort follow-up 
The 1,235 PRAMS respondents were followed prospectively by linking the PRAMS respondents 
to Vital Statistics death records, Maternal Infant Mortality Review – Child Death Review (MIMR-CDR) 
records, and the Alaskan Permanent Fund Dividend (PFD). We used these follow-up sources to censor 
subjects for competing cause mortality and cohort emigration from the state of Alaska. 
The 1,235 PRAMS children were reviewed in vital statistics death records and in order to 
determine whether child fatalities were from maltreatment or from competing causes, we cross-checked 
identified fatalities with the MIMR-CDR program (see outcome ascertainment section below). All 
respondents were subsequently linked to the annual PFD database. Adopted by constitutional 
amendment in 1976, Alaska established the Permanent Fund to invest a portion of the revenue earnings 
generated from petroleum production.(209) The dividend is available, upon application, to all legal 
Alaskan residents with strict eligibility requirements. Infants born on or before December 31
st
 of a 
qualifying year are eligible for a PFD. Since 2009, an average of 92.2% of the state population has 
applied for, and 86.0% approved for a dividend annually.(210) The PFD essentially serves as an annual 
census and therefore provides a unique source for conducting historical cohort studies using the Alaskan 
population. We know of no other comparable epidemiologic resource for residents of any other US state.  
5.2.3 Censoring & competing causes  
Subjects censored due to competing causes of death (deaths not classified as maltreatment-
related by the MIMR-CDR committee) were followed until the date of death. For this study we developed 
a set of rules to specify censoring due to emigration using the PFD (Figure 5.2). We assumed all PRAMS 
respondents were present in Alaska thru 12/31/2009 unless a) no match with any PFD was made for any 
subsequent year (n=59) or b) matches were made with PFD years but only with out-of-state addresses 
(n=14). These 73 exceptions were censored after 3 months from the date of birth.  Finally, we used the 
last PFD year that matched with an Alaskan address as the censoring year and assumed continual 
residence in Alaska until this event. If the last PFD linkage in Alaska was during 2011, 2012, 2013, or 
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2014 PFD years we censored at the mid-year of the subsequent calendar year after the last documented 
Alaska residence assuming emigration follows a uniform distribution. We reasoned that (for example) a 
2011 PFD year application reflects residence during the 2010 calendar year, to be eligible for the 2010 
PFD the subject must have physically resided in Alaska (aside for a few exceptions) the majority of that 
year and lost eligibility sometime during the subsequent year (2011). Finally, we administratively ended 
follow-up for the study at 12/31/2014 (n=908) for all those remaining in the cohort as evidenced by a 
linkage with the 2015 PFD.  
We examined multiple options for censoring rules to determine the impact of different ways of 
defining censored on 1) the person-time estimation, 2) number of outcomes (reports of maltreatment) 
excluded based on the rule specification (recognizing that such exclusions may reflect lack of precision in 
the PFD and CPS dates), and 3) the impact on the incidence estimate, crudely approximated as the 
number of events divided by the total person-time at risk (data presented in Table  5.3 of supplemental 
material). Based on the rules selected, we captured all outcomes within our observation window and 
censored for out-of-state emigration using a conservative rule to maximize accrual of person-time.  
5.2.4 Outcome ascertainment 
It is widely assumed that reported child maltreatment, as documented in official child protective 
services records, reflects only a fraction of all child maltreatment occurring in the population.(5) This 
limitation is inherent in all studies of maltreatment using administrative records. For the ALCANLink 
project, we attempted to improve upon sole reliance on child protection services records by broadening 
the range of agencies contributing maltreatment reports. In Alaska, state statute mandates that specified 
professionals (e.g. Medical provider, education instructor) who have reasonable suspicion to report this to 
the state child welfare agency. Thus, we develop a combined multi-agency maltreatment outcome 
measure by including child welfare records, 8 of the 10 active CAC agencies, the Anchorage Police 
Department, and the MIMR-CDR fatal maltreatment determinations. Each agency records maltreatment 
differently and required the development of systematic rules for making determinations and classifying 
maltreatment reports. This multi-source first report of alleged maltreatment during the observation period 
is the primary outcome (hereafter referred to as multi-source report). For detailed description of the 
maltreatment classification see Table 5.3 supplemental material. 
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5.2.5 Linkage methods 
We used both deterministic and probabilistic methods to link between PRAMS and each dataset. 
Probabilistic linkage methodology attempts to use common attributes between two or more sources to 
identify positive and probable matches.(165) We develop comparison patterns that accounted for typos, 
spelling errors, transpositions, and other edits or deletions between two strings or set of strings and 
dates. The probabilistic linkage approach automatically accepted matches where the first, last, and alias 
names, date of birth and sex were identical, suspected matches that returned a probability match score 
between 0.85 and 0.99 were manually reviewed. For complete linkage details see supplemental material. 
The RecordLinkage package (199) in the R environment (203) was used for all data linkages.  
5.2.6 Statistical analysis 
We calculated the incidence proportion (“risk”) of first reported and recorded multi-source report 
of maltreatment before age six years. We estimated the survivorship function S(t) using a weighted Aalen 
hazard-based estimation (201) and 95% confidence interval on the log survival scale.(202) We calculated 
the weighted cumulative distribution function F(t) from the weighted survivorship function S(t) [F(t) = 1 – 
S(t)]. We used weighted F(t) to estimate the incidence proportion of a multi-source maltreatment report. 
Frequency counts are presented as actual participant responses and weighted proportions from the 
complex sampling design are noted as %w.  
We created a dichotomous variable for censorship (yes or no) to assess the probability of 
censorship for selected covariates using logistic regression. We then calculated and compared the 
cumulative incidence and hazard ratio with and without out-of-state emigration to measure the impact of 
systematic bias on these selected values. We followed this same methodology to estimate the impact on 
cumulative incidence and hazard ratios assuming only deterministic linkages and reliance on only CPS 
reported cases only, and in combination. All analyses were conducted in R 3.1.0 (203) using the survey 
package.(204) 
5.2.7 Human subjects 
The current study was approved by the University of North Carolina at Chapel Hill Office of 
Human Subjects Research and the IRBs at the University of Alaska Anchorage and the Centers for 
Disease Control and Prevention (CDC). The data linkages were conducted by the Alaska Surveillance of 
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Child Abuse and Neglect (SCAN) program under the authority of the Alaska Division of Public Health. 
Data were shared via a Data Use Agreement between the Alaska Division of Public Health and the 
University of North Carolina at Chapel Hill. The Alaska PRAMS project is reviewed by IRBs at the 
University of Alaska Anchorage and the CDC. 
5.3 Results 
We successfully matched 1,162 (94.1%) of the 1,235 PRAMS cohort to at least one PFD record 
with an Alaska residence before the age of six years. Among the 73 non-matching subjects, 15 were 
deaths occurring during the first year of life. On average, deterministic linkages captured 93.7% of all 
correct matches with annual PFD data. The PRAMS sample consistently linked with between 9% and 
10% of PFD, CPS, APD, and CAC records (see Table 5.5 in the supplemental material for full linkage rate 
details for ALCANLink project).  
5.3.1 Outcome ascertainment 
Among the 1,235 respondents, 327 (24.2%w) had at least one multi-source report of maltreatment 
during the follow-up period. The preponderance of reports occurred prior to age 1 year (39.1%w), and 
monotonically decreased with each subsequent age year to 10.6% by age five. Of the 327 outcome-
positive subject, CPS captured the overwhelming majority of cases (n=319, 98%), CAC captured 43 
(13%) reports, APD captured 33 (10%) reports, and MIMR-CDR captured five (2%) fatalities (Figure 5.3). 
5.3.2 Cohort follow-up 
The cohort was followed for 5,812.7 (86.9%) of the 6,690.9 total potential person-years. Among 
the 1,235 Alaskan PRAMS 2009 respondents, 930 (75.3%) had complete cohort follow-up through the 
first five years of life. Approximately 4% of the PRAMS respondents were lost-to-follow up annually. 
Among the 305 respondents lost-to-follow up during the project period regardless of outcome, 32% were 
lost prior to age 1 year and 49% prior to age 3 years. There were 23 total deaths, with 78% occurring 
prior to age 1 year. Cohort follow-up details are available in Table 5.1. 
Emigration out-of-state was much higher among military families (defined as families with Tricare-
compensated births) than among civilian families. A total of 162 (14.5%w) PRAMS births were paid by 
Tricare. Tricare paid births had substantially more out-of-state emigration by age five (73.2%w vs 17.0%w, 
p<0.001), to such an extent that Tricare paid births accounted for 42.5%w of all emigration movements. 
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Among the Tricare births only 54.6%w of total potential person time was captured, compared with 91.9%w 
among non-Tricare births by age 5 years. The proportion of first reported multi-agency events was slightly 
lower among Tricare paid births compared to non-Tricare births (18.4%w vs 25.2%w, p=0.183). 
The unadjusted odds of censorship were associated with Tricare paid births (OR = 13.3; 95% CI 
8.4, 21.8), married mothers at birth (2.3; 95% CI 1.6, 3.4), Black race (3.2; 95% CI 1.3, 8.7), Alaska 
Native race (0.3; 95% CI 0.2, 0.4), not being Medicaid eligible (2.3; 95% CI 1.7, 3.2), reporting losing a 
job (1.9; 95% CI 1.1, 3.2) and reporting moving (1.4; 95% CI 1.0, 1.9) during the 12 months before 
pregnancy.  
5.3.3 Incidence estimates and hazard ratios 
We estimated that 28.5%w (95%CI: 23.8%w, 33.2%w) of the 2009 births to Alaska residents were 
the subject of multi-source report before the age of 6 years. This estimate is 12% higher than the risk 
estimate that would be obtained if out-of-state emigration was ignored (i.e., assuming that all nonlinkages 
in the cohort remain outcome free) of 25.5% (95%CI: 21.5%, 29.5%). It was 41% higher than the risk that 
would be estimated accounting for censoring but restricted to only deterministic linkages and 33% higher 
than if we relied on deterministic matches and were unable to account for censoring. These two sources 
of error, if both were present, would bias the cumulative incidence downward by 53%. The cumulative 
incidence using only child welfare reports was nearly equivalent to the multi-source report (0.277 vs 
0.283). (Figure 5.4)   
The Hazard Ratios (HR) for multiple risk and demographic factors were also influenced by failing 
to correctly account for censoring and/or restrictive data linkage (Table 5.2). Failing to account for out-of-
state emigration biased the HR towards the null by 33% for Tricare paid births (0.7 vs 1.1), and biased 
away from the null by 11% for Alaska Native mothers (3.3 vs 3.0) and 10% for Medicaid eligible births (4.1 
vs 3.7). Limiting linkages to deterministic matches only also resulted in biased HRs, with unmarried 
mothers (3.1 vs 3.8), and low maternal education (2.3 vs 3.1) biased towards the null, and maternal 
smoking (3.6 vs 2.9) biased away from the null. Combining both forms of bias, Tricare paid births, Alaska 
Native mothers, marital status, low education, child sex, young maternal age, maternal smoking, and 
reporting moving 12 month prior to pregnancy were all biased in either direction by 10% or more.  
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5.4 Discussion 
Statewide birth cohorts linked with child welfare records are powerful designs for studying 
maltreatment in a general population. These designs have been used to conduct etiologic research and 
measure the cumulative risk of maltreatment over time. Like all research, these studies have sources of 
systematic error (bias). However, there has been almost no research on the potential effects of different 
types of systematic errors in these studies. We demonstrated the utility of linking the PRAMS sample with 
administrative data to effectively measure the cumulative incidence of suspected maltreatment over time. 
Using this linkage methodology and the unique data resources of the state of Alaska, we were able to 
examine the potential effects of systematic error on estimates of incidence and association from 
population based linkage studies. The manageable sample size facilitated comprehensive data linkages 
and complete cohort follow-up using the PFD. 
5.4.1 Outcome ascertainment data sources 
All administrative studies using official reports of maltreatment (reports to CPS) are affected by 
potential detection bias.(19,211) It is important to note that not all maltreatment occurring in this 
population is reported, and that not all reports are substantiated by child welfare. It is assumed that many 
cases of maltreatment are never reported for a wide variety of reasons, including failure to seek care, 
stigmatization, and lack of contact with mandatory reporters, missed diagnosis, among other 
reasons.(212-214) Substantiated reports (rather than reports) are sometimes used as an endpoint, but 
the substantiation process reflects resources available to CPS and policies. Based on this known 
limitation we attempted to improve upon reliance on CPS records alone by including reports to CACs, 
APD, Law Enforcement, and MIMR records. However, in this sample, we found that CPS reports captured 
nearly all (98%) of the ascertained maltreatment, and these additional sources of outcome data had 
essentially no influence on cumulative incidence estimates.  
Therefore, we would recommend that future data linkage studies using administrative sources of 
outcome data not attempt to include these additional sources beyond CPS. Putnam-Hornstein suggests 
that reports to child welfare are representative of “familial dysfunction” and worthy of prediction (83) in fact 
studies document that negative outcomes associated with maltreatment are similar for reports, 
unsubstantiated, and substantiated maltreatment.(83,84,86,87) However, it is clear that CPS reports are 
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an imperfect source of data for child maltreatment.(5) Consensus review by expert panels is a 
standardized process that could be used to improve outcome ascertainment.(163) Such panels are 
already used for child fatality review process, and could be extended to non-fatalities.  
5.4.2 Bias in incidence 
This study was able to achieve a high rate of follow-up (82.5% in non-Tricare births) through the 
first five years of life. High completeness of follow-up minimizes the potential for bias in estimating 
incidence and assessing risk factors over time.(128) Three quarters (75%) of the 2009 PRAMS cohort, 
representing 86% of the person-time of follow-up, had complete follow-up from birth to administrative 
censoring. We were therefore able to use the PFD (a data resource unique to Alaska) and mortality data 
to quantify loss to follow-up due to out-of-state emigration and competing causes of mortality. This 
allowed us to investigate the assumption, often made in birth-population child maltreatment linkage 
studies, which assume subjects who do not link with CPS records remain in the cohort outcome free. 
Failing to account for censoring due to out-of-state emigration biased the observed incidence downwards 
by 12%. This suggests that, in states without an annual census equivalent to the PFD, risk estimates 
should be adjusted by a scale factor equal to the out-of-state emigration. One way to estimate these scale 
factors would be to derive inverse-probability-of-censoring weights from the Alaskan data. These weights 
could then be applied to the data from other states to statistically correct for the absence of data sources 
that capture out-of-state emigration. 
By using the PRAMS subsample (as opposed to the entire state 2009 birth cohort) we were able 
to set liberal manual review range and only automatically accept linkage with perfect matches on all 
linkage elements. We used probabilistic linage methods to therefore detect suspected matches for 
manual review. This resulted in high linkage success between sources, and improved confidence that the 
linkages and nonlinkages were valid. Large statewide studies linking entire cohorts must often sacrifice 
extensive manual review and rely on probabilistic cut points often resulting in unquantified sensitivity and 
specificity.(8) We found that deterministic linkages alone substantially underestimate the incidence of 
maltreatment, and that without comprehensive manual review of a large range of suspected matches, 
error would be induced into the incidence estimate. Large birth population studies that are unable to 
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extensively manually review probabilistic linkages should consider quantifying the impact of mismatches 
within the probabilistic linkages, and adjust estimates accordingly.  
5.4.3 Bias in hazard ratios 
We confirmed that the Hazard Ratio would be biased for some estimates if emigration was 
unaccounted for, or linkages were made overly restrictive (as in the extreme sense of exact matches 
only). The direction and magnitude of the error associated with the bias depends on the three-way 
association between bias factor, exposure, and outcome and therefore could be either away from, or 
towards, the null. Failure to account for incomplete follow-up bias in this study would result in HR being 
overestimated among Alaska Native Mothers relative to White mothers, suggesting a greater disparity 
than actually exists. Unmarried and Medicaid eligible were also overestimated and biased away from the 
null. Using only deterministic linkages resulted in bias in HRs of greater than 15% for low maternal 
education, unmarried mothers, and smoking. However, the HR for low birth weight was largely unaffected 
by either type of error. Failure to account for censorship or using lower quality data linkages could 
overestimate the hazard ratios of factors known to be associated with maltreatment, however, the 
direction and magnitude of the bias not readily predictable.  
5.5 Conclusion 
To prevent child maltreatment scientifically rigorous etiologic analyses are needed in order to 
inform prevention programs. Comprehensive population-representative data linkage studies are essential 
to detangling the multifaceted interplay of factors that contribute to child maltreatment. Further, our 
confidence in evaluating public health prevention policy over time relies on reliable, consistent estimates. 
PRAMS and its 3-year follow-up survey provide a rich set of longitudinal exposure measures for 
prospective cohort studies utilizing linkage of administrative sources. Nearly all states and some cities, 
territories and tribal entities now conducting PRAMS, and other states could replicate this methodology, 
which is in essence a cost-efficient means to implement the designs suggested by Bertolli et al (1) over 
twenty year ago. However, we found that restrictive data linkages and inability to account for censoring 
can create bias in both the incidence and Hazard Ratio estimates from such studies. This study 
underscores the importance of manual review of data linkages to monitor linkage quality, and the 
importance of adjustment for out-of-state emigration. On the other hand, utilizing multiple sources of 
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outcome data beyond CPS reports did not appreciably increase the ascertainment of the primary 
outcome (maltreatment report). This suggests that inclusion of the particular outcome data sources 
studied here has little benefit in improving incidence estimates.  
 
  
 
Figure 5.1 Participant flow diagram, ALCANLink (n=1,235) 
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Figure 5.2 ALCANLink follow-up and person-time specification profiles 
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Figure 5.3 Outcome ascertainment by data source for outcome-positive subjects, ALCANLink 2009 
(n=327) 
 
 
 
CPS Office of Children’s Services 
APD Law Enforcement 
CAC Child Advocacy Center 
MIMR-CDR Maternal Infant Mortality - Child Death Review 
  
 
Table 5.1 Cohort follow-up by age in years to event, death, or censor, ALCANLink 2009 (n=1235) 
 
 [0 -1) [1 - 2) [2 - 3) [3 - 4) [4 - 5) [5 - 6) 
 N (%w) N %w N %w N %w N %w N %w 
Follow-Up             
Subjects entering age interval 
outcome free  
1235 (100) 1017 (84.7) 917 (75.1) 831 (68.5) 747 (61.8) 674 
 
(56.5) 
Person-years accrued in interval 1118.4 (92.6) 968.3 (94.5) 871.3 (95.7) 788.7 (94.9) 708.6 (95.5) 325.2 (49.2) 
Censoring              
   Competing deaths 16 (77.8) 0 0 0 0 1 (11.1) 1 (11.1) 0 (0) 
   Loss to follow-up 67 (26.5) 45 (25.3) 37 (14.0) 41 (17.9) 36 (13.4) 11 (2.9) 
Outcome Ascertainment             
   First multi-source Report
a
 135 (39.1) 54 (18.7) 48 (15.5) 42 (12.8) 36 (10.6) 12 (3.4) 
   CPS only Report 131  (38.2) 53 (18.9) 48 (16.0) 41 (13.1) 34 (10.3) 12 (3.5) 
a
multi-source report is the first report of maltreatment to either Child Protective Services, Child Advocacy Center, Anchorage Police 
Department, or the Maternal Infant Mortality Review – Child Death Review 
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Table 5.2 Comparing the hazard ratios of first maltreatment report before age six years when and when not accounting for out-of-state emigration, 
ALCANLink (n=1,235) 
 
Factor 
Accounting for 
emigration 
(probabilistic)  
Not accounting 
for emigration 
(probabilistic)  
% 
change 
Accounting for 
emigration 
(deterministic) 
% 
change 
Not accounting 
for emigration 
(deterministic) 
% 
change HR 95% CI HR  95% CI HR  95% CI HR  95% CI 
Tricare paid births 
   (ref = non Tricare) 
1.1 0.7, 1.8 0.7 0.4, 1.2 0.333 1.2 0.6, 2.1 0.081 0.7 0.4, 1.4 0.309 
Race (ref = White)            
    Alaska Native 3.0 2.2, 3.9 3.3 2.5, 4.4 0.114 3.0 2.2, 4.3 0.019 3.6 2.6, 5.0 0.204 
    Other  2.3 1.4, 3.8 2.3 1.4, 3.8 0.000 2.3 1.3, 4.3 0.006 2.4 1.3, 4.3 0.039 
Unmarried marital status 
   (ref = Married) 
3.8 2.9, 5.1 4.1 3.1, 5.5 0.079 3.1 2.3, 4.4 0.177 3.1 2.2, 4.3 0.186 
Medicaid eligible  
   (ref = not eligible) 
3.7 2.6, 5.2 4.1 2.9, 5.7 0.104 3.7 2.4, 5.6 0.005 4.0 2.6, 6.1 0.088 
<12 years maternal education  
   (ref = 12+ years) 
3.1 2.3, 4.2 3.3 2.5, 4.5 0.058 2.3 1.6, 3.3 0.267 2.5 1.7, 3.6 0.212 
Female (ref = Male) 1.3 1.0, 1.7 1.2 0.9, 1.6 0.024 1.2 0.9, 1.6 0.024 1.5 1.1, 2.0 0.152 
Maternal age (ref = 25+ years)            
20-24 years 2.2 1.6, 3.0 2.2 1.6, 3.0 0.009 2.2 1.6, 3.0 0.009 2.2 1.6, 3.0 0.009 
<20 years 3.5 2.5, 5.1 3.7 2.5, 5.3 0.034 3.7 2.5, 5.3 0.034 3.1 2.1, 4.7 0.121 
Birth weight < 2500g  
   (ref = 2500+g) 
1.7 1.4, 2.0 1.6 1.3, 1.9 0.060 1.7 1.3, 2.1 0.005 1.5 1.2, 1.9 0.096 
Maternal smoking (ref = Yes) 2.9 2.2, 3.9 3.0 2.2, 4.0 0.015 3.6 2.6, 5.0 0.225 3.5 2.5, 4.9 0.193 
Birth defect 1.2 0.5, 2.8 1.2 0.5, 2.7 0.026 1.1 0.3, 3.3 0.125 1.1 0.4, 3.2 0.071 
Lost job last 12 months (ref = No) 2.4 1.7, 3.5 2.4 1.6, 3.4 0.025 2.1 1.3, 3.4 0.124 2.3 1.5, 3.7 0.034 
Moved in last 12 months  
   (ref = No) 
1.6 1.2, 2.1 1.6 1.2, 2.0 0.019 1.6 1.2, 2.2 0.012 1.4 1.0, 2.0 0.103 
HR = Hazard Ratio, 95% CI = 95% Confidence Interval, ref = reference level 
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Figure 5.4 Risk of first maltreatment report, ALCANLink (n=1,235) 
 
 
 Age interval (Years) 
[0,1) [1,2) [2,3) [3,4) [4,5) [5,6) 
Correct handling of censoring
b 
0.097 0.146 0.189 0.227 0.259 0.283 
   CPS only report correct 
censoring 
0.092 0.141 0.185 0.222 0.254 0.277 
   Censored for death only  0.096 0.140 0.178 0.209 0.235 0.253 
   Exact matches only 0.069 0.097 0.125 0.157 0.183 0.201 
   Death and exact match only 0.068 0.095 0.121 0.149 0.171 0.185 
a
multi-source report is the first report of maltreatment to either Child Protective Services, Child Advocacy 
Center, Anchorage Police Department, or the Maternal Infant Mortality Review – Child Death Review 
b
Censored for competing cause mortality and out of state emigration 
  
 
5.6 Supplemental Material 
 
Table 5.3 Impact of censoring rule on incidence of any-agency report per 100 person-years, ALCANLink (n=1,235) 
 
Approach 
Outcomes 
included 
Outcomes 
excluded 
Estimated 
person-
time  
Estimated Rate per 100 
person-years (95%CI)
a
 
Censoring only deaths 327 0 5521.8 5.9 (5.3, 6.6) 
Censor deaths and all nonAK specified or 
missing PFD years 
295 32 4455.7 6.6 (5.9, 7.4) 
Censor deaths and all nonAK specified or 
missing PFD years after last AK PFD year 
319 6 4654.8 6.9 (6.1, 7.6) 
Censor deaths and all nonAK specified or 
missing PFD years after last AK PFD year, allow 
3months for loss during first year, and 6 months 
for nonlinkage loss in subsequent years
b
 
327 0 4785.4 6.8 (6.1, 7.6) 
a
Unweighted estimates 
b
Method selected for this analysis  
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Table 5.4 Agency maltreatment report classification determinations 
 
 
 
 
 
 
 
 
Code Agency Description Report Classification Report exclusions 
CPS Office of Children’s 
Services 
Single centralized 
statewide agency and 
data system. 
Presenting alleged maltreatment as classified by 
OCS physical abuse, sexual abuse, mental injury 
and neglect. Includes both screened in and out 
reports 
Multiple reports on same 
incident and referrals out of 
state 
APD Law Enforcement Only includes the 
Anchorage Police 
Department  
Reports of victims with a nature of call indicated as 
abuse, assault, homicide, or child abuse were 
classified as physical abuse. Reports of rape, sexual 
abuse of a minor or other sexual exposure 
(attempted or otherwise) or offensive touching were 
classified as sexual abuse. Exposure to domestic 
violence and threatening were classified as mental 
injury. Neglect, DUI, reckless endangerment, Kidnap, 
and undetermined and negligent homicide deaths 
were classified as Neglect.  
Reports with child listed as 
perpetrator, informational 
reports if occurring in 
isolation, medical 
assistance, and all reports 
unrelated to physical or 
sexual abuse, neglect, and 
mental injury 
CAC Child Advocacy 
Center 
Includes 8 of the 10 
active CAC's in the State 
of Alaska affiliated with 
the Alaska Children’s 
Alliance 
Presenting alleged maltreatment as classified by the 
CAC as physical abuse, sexual abuse and neglect. 
Drug endangered includes as neglect, and witness to 
violence classified as mental injury. 
Only extract cases 
considered alleged victims 
by the CAC 
MIMR-
CDR 
Maternal Infant 
Mortality - Child 
Death Review 
Single centralized 
statewide review and 
data system. 
Consensus review committee classifies the death 
was "yes" or "yes probably" caused or contributed to 
by abuse, neglect, or negligence. 
Unknown but committee 
suspicious classification not 
included as a case 
7
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5.6.1 Data linkages 
We performed direct and probabilistic record linkages between PRAMS and each datasets. Prior 
to all data linkages we conducted systematic record cleaning on each dataset, which included 1) 
equalizing dates of birth to the same length and short date format of YYYYMMDD, 2) removing all special 
characters, punctuation, and leading or trailing spaces from linkage variables, 3) remove all missing 
character values such as 99, “NULL”, or “Missing” from all strings, 4) Removing prefixes and suffixes, and 
5) standardizing all text case.(198)   
We conducted iterative linkage processing which reduces the amount of suspected matches by 
removing confirmed matches from probability match scoring. Deterministic linkages require field values 
from both record sets to be completely identical and in the same format (e.g. string or numeric) for a 
positive match. Deterministic linkages can be conceptualized as a Boolean distance of either 0 (False) or 
1 (True). Due to this restriction, direct linkages have excellent specificity but reduced sensitivity due to 
potential false negative matches due to typos, transpositions, and deletions.(215) 
Each PRAMS respondent was direct linked to an Alaska birth record by a birth certificate number 
and CUBS survey by a unique research ID shared with PRAMS. All subsequent probabilistic linkages 
were based on distance metrics and used date of birth, infant last and first name, alias names, and sex. 
Due to the relatively small population size of Alaska, few identifiers are needed to make reliable 
probabilistic linkages. We created a master name list in long format with all known name variations of 
each subject to reduce manual review and improve linkage efficiency. The probability of an erroneous 
exact match however, increases with the number of alias names included. To guard against this we 
manually reviewed all linkages where the birth names, date of birth and sex as indicated on the birth 
certificate were not exact (i.e we compared the deterministic linkage with no aliases with confirmed 
probabilistic linkages). Finally, we used a de-duplication process (which links each record in a record set 
against all other records) to identify potential mismatches based on names, date of birth and sex. We 
manually reviewed and correctly specified any mismatches where records shared the same identifiers. 
Using the RecordLinkage package(199) in R (203) we built comparison patterns based on a Jarowinkler 
distance metric.(216) We then created probability match scores that weight the probability of the distance 
score based on the average frequency and error rate of the pairs.(151,193,217) 
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To determine manual review thresholds we conducted an initial linkage calibration exercise by 
sampling 100 subjects form the PRAMS sample and creating a duplicate dataset with known linkage 
miss-specifications. We used this training dataset to develop initial probability match scores to establish a 
classification interval based on the generalized Pareto distribution, by identifying the “long tail” of the 
distribution. The Pareto distribution belongs to a family of continuous density distributions that bind the 
“heavy or fat-tailed” distribution to specified distribution tails and useful for data linkage where the majority 
of matches have low probability match scores.(218). Visually, the interval of 0.75 – 0.95 was indicated for 
manual review, with 0.82 suggested as the lower threshold from the distribution (see Figure 5.5 for the 
mean residual life plot which plots the mean residual estimated from the Pareto distribution against the 
probability match score). We manually reviewed all records with a match score above 0.75 to validate the 
suggested threshold. From this exercise we detected that the probability of a false negative match below 
0.82 is <0.1%.  
 
Figure 5.5 Mean Residual Life plot, of the linkage probability used to visually identify the “long-tail” of the 
distribution to establish initial manual review thresholds 
 
 
For each data linkage with the PRAMS cohort we calculated the suggested lower threshold from 
the generalized Pareto distribution and manually reviewed all probability match scores between this value 
and 0.99. All suggested matches within the probability match score interval were manually reviewed and 
classified as linkages or nonlinkages according to standardized criteria. We calculated the linkage rates 
for each source (if applicable) by calculating the proportion of successful matches with linkage rates and 
manual review ranges specified (see Table 5.5 below). In essences the goal of this exercise was to use 
probability linkage methods to identify a reasonable lower bound threshold for manual reviews, as we 
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only automatically accepted exact matches opposed to establishing a probabilistic acceptance limits 
where some score <100 will be accepted automatically.   
CPS linkage comparison between PRAMS sample and statewide birth population  
We compared the proportion of subjects with a child protective services report between the 
PRAMS sample and full birth cohort. To limit the amount of data linkages within the full cohort we used 
the end point of first reported allegation of harm to the States child protective services agency. We linked 
11,033 PRAMS eligible births in 2009 to CPS reports and estimated the prevalence of births that had at 
least one CPS report of harm during the study window.  
We calculated the expected false rejection and false acceptance by simulating 10 draws of size 
1,000 from a training dataset with the following parameters: rejection region specified as < 0.95, and 
automatic acceptance region 0.95 and greater. From the simulation exercise we estimated the proportion 
of expected false positive matches within the automatic acceptance region (0.122) and proportion of 
expected false negative matches in the automatic rejection region (0.018). We then applied these 
estimates to adjust the linked data numbers to estimate the expected proportion of all 2009 births that link 
to CPS during the study period. 
Among the 11,033 PRAMS eligible births, 2,533 linked to CPS with a first report by 12/31/2014. 
After accounting for simulated weights of expected false acceptance and false rejection in specified 
regions, the estimated number of positive CPS linkages in the birth cohort  = (2533 - 379*0.122 + 
2474*0.018) = 2,531. An estimated 23% of the PRAMS eligible births (n=11,033) linked to CPS compared 
to 24%w of the PRAMS cohort. Thus the PRAMS sample is an adequate representation of the birth 
population and reflects an equal proportion of subjects reported to CPS. This is important as nonresponse 
could potentially be differentially associated with experiencing the outcome under study and thus result in 
biased estimates.  
  
 
Table 5.5 Linkage rates by data source, ALCANLink (n=1,235) 
Source Records
a
 
Review 
threshold
b
 
Exact 
match 
Records 
Reviewed 
Confirmed
 
n (%)
c
 
Total 
Linkage 
matches 
Proportion 
of PRAMS 
sample 
Proportion 
of records
d
 
Core cohort linkages 
PFD 2010 10298 0.85 - 0.99 1036 417 54 (12.9) 1090 0.883 0.106 
PFD 2011 10716 0.89 - 0.99 1055 278 63 (22.7) 1118 0.905 0.104 
PFD 2012 10650 0.89 - 0.99 999 235 58 (24.7) 1057 0.856 0.099 
PFD 2013 10428 0.89 - 0.99 941 223 61 (27.4) 1002 0.811 0.096 
PFD 2014 10456 0.89 - 0.99 915 201 64 (31.8) 979 0.793 0.094 
PFD 2015 10362 0.85 - 0.99 888 205 48 (23.4) 936 0.758 0.090 
CPS link 3203 0.84 - 0.99 262 406 57 (14.0) 319 0.258 0.100 
CAC link 395 0.89 - 0.99 29 93 14 (15.1) 43 0.035 0.109 
APD link 375 0.89 - 0.99 17 120 16 (13.3) 34 0.028 0.091 
Vital Death 
Records 
68 direct match 68  
 
23 0.019 0.338 
Additional completed and provisional source linkages 
Child 
   Medicaid 8443 0.85 - 0.99 662 215 58 (27.0) 720 0.583 0.085 
   AKAIMS 334 Provisional
e
    7 0.006 0.021 
   DSDS 195 Provisional    28 0.023 0.144 
Mother         
   CPS victim 52977 0.89 - 0.99 204 42 25 229 0.185 0.004 
   CPS any  Provisional    541 0.438 0.009 
   APD 5061 0.89 - 0.99 38 48 6 44 0.036  
   Medicaid  Provisional    840 0.680  
   DJJ  Provisional    230 0.186  
   AKAIMS  Provisional     0.084  
   DSDS  Provisional     0.013  
Father         
   CPS victim 48035 0.89 - 0.99 103 143 17 120 0.097 0.002 
   CPS any  Provisional    351 0.284 0.005 
   APD 6279 0.89 - 0.99 27 49 2 29 0.023  
8
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   Medicaid  Provisional    587 0.475  
   DJJ  Provisional    201 0.163  
   AKAIMS  Provisional    51 0.041  
   DSDS  Provisional    8 0.007  
NOTE: AKAIMS = Alaska’s Automated Information Management System that captures statewide behavioral health data; CPS = 
Child Protective Services; APD = Anchorage Police Department; DJJ = Division of Juvenile Justice; DSDS = Division of Senior and 
Disability Services 
a
The number of unique individual records in the specified source with a birth year of 2009 
b
Review threshold is the calculated probability match score. The base probability match score was established through machine 
learning iterative processing to establish where the true match probability 
c
Number of confirmed linkage matches based on manual reviews of suspected linkages within the review threshold between 
records, proportion of reviewed records confirmed. 
d
Proportion of the PRAMS sample that matches to the record source.  
e
Provisional matches were based on a manual look-up of all records in a centralized client index within the Alaska Division of 
Health and Social Services. This system only included presence or absence within data systems, did not allow for batch 
probabilistic linkage and was based on a static instance of these data. 
8
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CHAPTER 6: FATAL MALTREATMENT CLASSIFICATION (AIM 2 PAPER) 
6.1 Introduction 
Child maltreatment, which includes both abuse and neglect, is a major public health problem.(2) 
Reliable identification of fatalities from child maltreatment is critical for ongoing monitoring of this issue. 
Unfortunately, vital statistics data for children less than 16 years of age underrepresent maltreatment 
deaths by up to 50%.(36,37,80) Compared to vital statistics alone, the National Child Abuse and Neglect 
Data System (NCANDS) provides a more accurate assessment of the number of child maltreatment 
deaths each year. In fiscal year 2014, NCANDS estimated 1,580 maltreatment related fatalities (2.13 per 
100,000 children).(219) However, even NCANDS undercounts child maltreatment deaths, due to variation 
in state classifications, non-standard definitions, voluntary state reporting, and reliance on child protection 
data.(107)     
To improve fatal maltreatment case detection and surveillance a range of methods have been 
evaluated. These include multi-source data,(163,166) hospital reports,(220) capture re-capture,(111) 
population survey,(127,221,222) and consensus or expert panel review.(123,223,224) Evidence suggests 
that the child death review (CDR), is the most promising avenue for improving maltreatment classification 
and through a public health model collect more comprehensive data.(111,118) 
Developed in 1979, the interagency CDR model was specifically designed to improve the 
identification of child deaths due to maltreatment.(109) Unlike vital statistics death records or NCANDS, 
the CDR model (116) uses multiple sources of information and a multidisciplinary consensus review 
process to adjudicate the available information. Currently, the core interagency members of CDR include 
law enforcement, child protection, prosecutor/district attorney, medical examiner/coroner, public health, 
medical providers, and emergency medical services.(115) CDR panels typically classify potential 
maltreatment deaths into four categories: Yes, Probable, No, and Unknown. The use of these or other 
similar categories are widely used in fatal and nonfatal child maltreatment surveillance and 
research.(98,103)
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  Researchers have recommended that CDR teams utilize a systematic approach with 
standardized criteria when making maltreatment classifications to ensure consistency in 
classification.(111,118) However, some evidence suggests considerable disagreement in the application 
of neglect classifications among and between CDR team members.(112) Although the CDR model was 
originally developed to increase identification of child deaths due to maltreatment(109) this process has 
undergone minimal scientific scrutiny. It is currently unknown whether this process, used in nearly all 50 
states, produces reliable maltreatment classifications. Research in other areas of death review (such as 
designation of preventability) has documented high levels of variability in the absence of clear methods to 
guide classification.(225,226)   
The purpose of this study was to quantify the reliability of maltreatment classifications made 
through CDR consensus review in one state. A secondary purpose was to examine the effect of between-
panel variation on incidence estimates for child maltreatment mortality. We selected Alaska for this 
research because their CDR team was readily accessible to us and interested in partnering.  
6.2 Methods 
We assessed inter-rater reliability of abuse, neglect, and negligence classification between two 
CDR panels (hereafter referred to as Panel 1 and Panel 2). 
Alaska Maternal Infant Mortality Review – Child Death Review (MIMR-CDR)  
Since 2008, the Alaska Maternal Infant Mortality Review – Child Death Review (MIMR-CDR) has used a 
broad definition to guide panels in classifying maltreatment-related mortality. These operational definitions 
were modeled after those created by the National Center for the Review and Prevention of Child Deaths 
(NCRPCD) (227) and other sentinel research.(108)  
Each death brought for review to the CDR panel goes through a data acquisition process that 
compiles Medical Examiner autopsy and drug toxicology reports, death investigator reports, medical 
records (both child and mother if applicable), child protective services, law enforcement, village public 
safety records, first responder, Medicaid, publically available criminal justice records, and other relevant 
information if applicable. Deaths reviewed often vary in amount and breadth of information available. 
The MIMR-CDR review process consists of three phases: 1) primary and secondary review, 2) 
case presentation and discussion, and 3) consensus classification. During the primary and secondary 
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review, two committee members read through the case history file and take notes to document relevant 
information and circumstances of the death. After all deaths receive both a primary and secondary 
review, each is presented to the full panel followed by a discussion on the most probable causes, 
contributors, and preventability of each death. The discussion culminates in the committee making 
consensus classifications.  
The MIMR-CDR program adapted the acts of omission and commission definitions and NCRPCD 
data elements to meet the needs of the Alaska program.(227) During this data collection period the 
Alaska maltreatment data elements for each Abuse, Neglect, and Negligence are classified as “Yes”, 
“Yes Probably”, “Unknown committee suspicious”, “Unknown but Unlikely”, “No”, whereas the NCRPCD 
data collection tool only allowed for this type of classification for the initial screening question of any act of 
omission or commission. Questions 1 and 2 of Section I in the NCRPCD data collection tool and the 
Alaska questions are available as supplemental files (APPENDIX 6). Table 6.1 outlines the criteria used 
by MIMR-CDR for operationalizing the maltreatment classifications.(2) 
 
Table 6.1 Operational definitions of maltreatment categories 
 
Category Definition 
Yes Clear evidence and documentation through medical, child protection, law enforcement 
or medical examiner records that indicate maltreatment caused or contributed to the 
death 
Yes 
Probably 
Not enough evidence to make a definitive assessment with potentially conflicting 
information. Clear demonstration of unusual, questionable and/or suspicious factors 
present that strongly suggest maltreatment caused or contributed to the death 
Unknown 
suspicious 
No documentation or lack of information from sources indicating maltreatment caused 
or contributed to the death but multiple known risk factors or other suspicious evidence 
is deduced from the record leading to suspicion. 
Unknown 
unlikely 
No documentation or lack of information from sources indicating maltreatment caused 
or contributed to the death AND no known risk factors or other suspicious evidence is 
deduced from the record. 
No Clear evidence and documentation through medical, child protection, law enforcement 
or medical examiner records that maltreatment did not cause or contribute to the death. 
No suspicious or known risk factors present or clearly explained how they are not 
associated with the death 
 
6.2.1 Data collection 
All infants and children born between 1/1/2009 and 12/31/2010 who died in Alaska prior to 
12/31/2014 were eligible for inclusion in this study (n=116). The initial review of these deaths by Panel 1 
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occurred during 2009-2014. Panel 2 met during 2015 to review these deaths. Panel members often 
participate in multiple review panels each year, with an average panel size being five reviewers consisting 
of predominantly medical and public health professionals. Child welfare, tribal, law enforcement, medical 
examiner, and mental health representatives participate when available. In the current study, we 
attempted to “blind” the reviews of the second panel by removing all previous notes from the first panel. 
Where possible we also ensured that, for each death, the primary and secondary reviewers for the 
second panel were unique from the first panel (this was not possible for two deaths). Six of the 39 total 
reviewers participated on both the initial and second panels accounting for 24 of the 101 deaths. For 37 
deaths only the primary and secondary reviewers were recorded. Deaths not reviewed by the first panel 
prior to January 31, 2014 (n=15) were excluded.  
6.2.2 Statistical analysis 
We assessed the inter-rater reliability between two review panels for the same set of deaths 
using weighted Kappa statistics, case-3 Intra-class correlation (ICC), and percent agreement. We 
calculated the weighted Kappa proposed by Fleiss and Cohen that uses a quadratic weighting of the 
discordant pairs to emphasize close matches more heavily than distal matches.(205) Overall agreement 
was derived by combining the three cross-classification tables of abuse, neglect, and negligence. Cell 
totals were created by averaging table cells to preserve the combined marginal distributions and prevent 
variance inflation.  
We also assessed each classification matrix (Abuse, Neglect, Negligence) for rater bias using a 
rater bias coefficient and tested for proportional differences using Chi-Square test.(206) We calculated 
the incidence estimates and 95% Confidence Intervals (95% CI) for both panels, intersect between 
panels, and union of the two panels. 
We examined the effect of the observed reliability on cumulative incidence estimates per 1,000 
live births. As a working assumption, the “Yes” and Yes probably” categories were combined and 
assumed to represent a maltreatment positive surrogate. A lower bound on incidence was assumed to be 
the deaths classified as “Yes” or Yes probably” by both panels (“panel-intersection”), and a upper bound 
on incidence was assumed to be the deaths classified as “Yes” or Yes probably” by either panel (“panel-
union”).  
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An independent abstractor conducted chart reviews and classified missing information as present 
or absent to test if discordance between panels was associated with missing information. We assessed 
the influence of demographic, social, and other known factors on discordance through prevalence ratios. 
We created two variables using two questions from the completed data extraction form. The first 
summarized each panel’s impression on “adequacy” of the information to determine cause of death, and 
the second captured the panel’s impression whether caregiver substance use contributed to the death 
under review. For both variables, dichotomous classifications were created to code whether or not the 
panels agreed on these factors.  
6.2.3 Statistical power  
During planning for this study, the MIMR-CDR program imposed a projected limit of 100 deaths 
available for review. We calculated the study power to detect two-sided discordant differences (alpha = 
0.05) between observed and hypothetical kappa ranges of 0.4 and 0.9 with a fixed sample of 100 
cases.(228) At 80% power we could detect difference >0.1 for all null values above 0.4, and >0.2 at 0.4.  
6.2.4 Institutional Review Board 
The study was approved by the University of North Carolina at Chapel Hill non-biomedical Institutional 
Review Board. The MIMR-CDR program is conducted under the authority of the Alaska Division of Public 
Health as a public health initiative and on-going quality improvement process. 
6.3 Results 
Among the children born in Alaska between 1/1/2009 and 12/31/2010, 116 deaths subsequently 
occurred between 1/1/2009 and 12/31/2014 in Alaska. Of these, 87.1% (n= 101) were reviewed by the 
two MIMR-CDR panels. All 15 excluded deaths were classified as “natural” on the death certificate and 14 
of the 15 occurred within the first month of life, with the infant having never left the hospital.  
Among the reviewed deaths, the mean age at death was 8.9 months (range 0-58 months), 54% 
were male, 39% resided in Anchorage, and 67% were eligible for Medicaid. Among mothers of reviewed 
deaths, 39% were American Indian/Alaska Native, 50% were unmarried at delivery, and the mean 
maternal age at delivery was 25.6 years (range 15-42 years). Sex of child, residence, and maternal age 
were similar to the population of all Alaska births during 2009 and 2010. Deaths among Medicaid eligible, 
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American Indian/Alaska Native race, and unmarried mothers were respectively 1.2, 1.3, and 1.4 times as 
high as all Alaska births. 
6.3.1 Rater agreement 
Agreement was generally higher for determinations of physical abuse than for neglect or 
negligence (Table 6.2). Percent agreement ranged from a low of 60.4% for negligence to a high of 69.3% 
for abuse (Table 6.2). Kappa and ICC scores followed a similar pattern. Summary percent agreement 
across all maltreatment categories was 63.4% with a weighted Kappa of 0.60 (Table 6.2).  
Percent agreement was very low for most of the specific classification levels (Table 6.2).  Only 
the “No” category for abuse, neglect, and negligence, and the “Yes” category for abuse, had percent 
agreement above 60%. Percent agreement for all other response categories, for all three outcomes, was 
below 40%. Eleven instances of extreme disagreement (yes vs no; representing complete opposite end of 
the scale) were documented (negligence = 8, neglect = 3, and abuse = 0).  
6.3.2 Data element variation 
We re-grouped the categories “Yes”, “Yes Probably”, “Unknown committee suspicious”, 
“Unknown but unlikely”, and “No” and created multiple sets of cross-classification summary tables based 
on different combinations to test for improved reliability. However no combination significantly improved 
agreement. 
6.3.3 Demographic comparisons  
The pattern of agreement between panels for child and maternal characteristics was similar by 
sex, race, maternal smoking, and Medicaid eligibility at birth. The weighted Kappa was lower among 
infant (<365 days of age) compared to child (1 or more years of age) deaths (0.48 vs 0.77; p=0.001), 
unmarried mothers compared to married mothers at birth (0.47 vs 0.74; p=0.005), and for infants with no 
father’s name listed on the birth certificate compared with infants with father’s name listed (0.42 vs 0.67; 
p=0.038). Deaths listed as “natural” had the lowest overall agreement, followed by “accidental”, “could not 
be determined”, then “homicide” (Kappa = 0.47, 0.63, 0.71, 0.88, respectively).  
6.3.4 Discordant classification description 
Among the 49 total deaths with any disagreement between panel 1 and panel 2, designations for 
abuse, neglect, or negligence, 44.9% (n = 22) were discordant for each of the three maltreatment 
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classifications, 28.6% (n = 14) for two, and 26.5% (n = 13) for only one. Among the 77 infant deaths, 30 
neonates (0-28 days) were reviewed and 11 (36.6%) were discordant for any maltreatment, 47 post-
neonatal (29-364 days) were reviewed and 28 (59.6%) were discordant for any maltreatment. Among the 
34 child deaths (356+ days), 10 (41.6%) were discordant for any maltreatment. 
Out-of-hospital deaths that occurred in the sleep environment accounted for 68.1% (n=32) of all 
post-neonatal deaths, with 71.9% (n=23) having at least one discordant maltreatment classification. 
Among neonatal deaths, sleep environment deaths accounted for 26.7% (n=8), with 75.0% (n=6) 
discordant in maltreatment designation between panels. Discordance was more likely among children 
ages 12-23 months compared to ages 24+ months (53.8% vs. 27.3%). The mechanism of death was 
clear for 60% of the deaths with at least one discordant classification. Caregiver responsibility was 
attributed to 66.7% (n=16) of all child deaths, and 80% (n=8) among those discordant.  
Among child characteristics investigated (sex, age, race, Medicaid eligibility, and residence), only 
rural residence was strongly associated with discordance classification between panels for abuse 
(p=0.009), negligence (p=0.037), and neglect (p=0.068) when compared to urban residence (urban 
included Anchorage, Mat-Su, Juneau, and Fairbanks census boroughs, and rural all other census 
boroughs).  
Discordance between panels was associated with unmarried maternal marital status for abuse, 
neglect and negligence, maternal smoking during pregnancy for abuse and negligence, out-of-hospital 
deaths, and family history of child protection for abuse and neglect only (Table 6.3). Discordance 
increased when the panels disagreed on the adequacy of information available for assigning the cause of 
death, and further if they disagreed on if caregiver substance use was related to the death (Table 6.3). 
Panels tended to agree that adequate information was available for urban deaths more often compared to 
deaths of rural residents (75.8% vs 61.5%; p=0.321). 
6.3.5 Review panel  
Changes in MIMR-CDR protocol in recording panel member attendance impacted our ability to 
adequately evaluate panel member composition. For 64 of the 101 deaths we had complete reviewer 
information for both panels. Among these 64 deaths, no significant difference in discordance was 
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detected for committee composition, number of members present, or sex of the panel members; however 
our power to detect differences was minimal (data not shown). 
6.3.6 Impact of classification variation on maltreatment-related mortality estimates 
Incidence per 1,000 live births of neglect and negligence documented large variations between 
the panel-intersection estimates and panel-union estimates (0.44 vs 1.10 and 0.79 and 1.63, 
respectively); however, abuse estimates were much more stable (0.44 vs 0.75; Figure 6.1). Both panels 
independently identified statistically equivalent incidence estimates for all three maltreatment 
classifications, with abuse having the lowest incidence, followed by neglect, then negligence (Figure 6.1). 
6.4 Discussion 
We detected that for any maltreatment classification (abuse, neglect, or negligence), the inter-
rater reliability between MIMR-CDR panels was in the “moderate” to “substantial” range of 
agreement.(229) Given the potential public health implications resulting from CDR findings, our opinion is 
that this level of precision is less than optimal to adequately inform and evaluate public health policy and 
prevention interventions to reduce child maltreatment-related mortality. 
Both panels independently produced nearly equivalent 5-year incidence estimates for 
maltreatment. We caution that consistency of estimation is not the same as validity of estimation. The 
“true” population incidence of abuse, neglect, and negligence remains unknown. Based on results from 
only two panels, and assuming the “true” incidence likely ranges somewhere between panel intersect and 
panel union estimates (Figure 6.1), the 5-year incidence proportion could be as low as 1.2 and as high as 
2.0 per 1,000 live births for any maltreatment. For abuse the range was 0.44 to 0.75, for neglect the range 
was 0.44 to 1.1, and for negligence the range was 0.8 to 1.6. The ranges in these estimates reflect 
variance in the identification and interpretation of known demographic and social factors, adequacy of 
information, and variation in panel membership. Until these “influences” are consistently interpreted or 
mitigated by CDR panels, overall and subgroup incidence estimates will likely continue to be highly 
variable.  
Our findings are consistent with a previous study assessing presence/absence of demographic, 
social, and service based attributes that influence individual CDR panel member death classification. 
Using 20 vignettes of unintentional injury death, this prior study documented high levels of variability 
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within and between CDR members in assigning caregiver responsibility.(112) Similarly, we found that 
discordant classifications of maltreatment between panels tended to be more common when certain 
“leading factors” such as unmarried mother, no father on the birth certificate, maternal smoking, or history 
of family CPS involvement were detected. In the vignette-based study, when these factors were 
introduced into the scenarios, they strongly influenced neglect classification for many of the panel 
members. The magnitude of the influence of these identified factors varies between panel members,(112) 
consistent with the recommendation that clear guidance is needed to assist CDR panel members in the 
interpretation of these leading factors when assessing the potential for child maltreatment.(118) 
Completeness of information available for review can also influence committee determinations. 
We found large discordance in maltreatment classification when panels disagreed on the adequacy of 
information for making a classification and if caregiver substance use was associated with the death. 
These data suggest that panels processed information differently, particularly for out-of-hospital infant 
deaths occurring in the sleep environment. Efforts should be directed at developing guidelines in 
assigning caregiver responsibility, especially among sleep-related deaths that consider the influence of 
factors such as environmental hazards, substance use, family social welfare, and law enforcement 
contacts. A large proportion of disagreement between panels could be mitigated with increased attention 
in this single area, which could be adapted into the current CDC guidance for classifying Sudden 
Unexplained Infant Death (SUID).(230)  
These findings address a gap in existing knowledge about classifying maltreatment fatalities 
within the context of the CDR process. It appears that the operational definitions, at least as implemented 
by the Alaska CDR panels, do not provide clear direction on how to systematically interpret missing 
information or identified prominent factors. The National Center for the Fatality Review and Prevention is 
establishing national standards and a common data collection process, but the impact of this work will be 
limited if CDR teams fail to implement these standards consistently.(114) 
Reliability of public health surveillance data directly impacts the ability to take action to improve 
health.(231) The lack of confidence in the true incidence of maltreatment fatalities creates challenges for 
those tracking state-level trends to inform and assess programs and policies. Precise estimates are 
needed for efficient program and resource planning and also to accurately detect the impact of 
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population-level interventions and policies that seek to reduce the incidence of maltreatment-related 
deaths. Given that the purpose of the child death review process is to inform action to prevent future 
fatalities, it is important that the deaths are accurately and consistently classified over time. Doing so will 
ensure that the recommendations that arise from the child death review are appropriately focused in order 
to achieve a measurable public health impact.   
6.4.1 Limitations 
The findings of the study are subject to some limitations. First, this study was limited to 
approximately 100 cases and this impacts the precision of these data. Second, the MIMR-CDR 
membership is predominantly medical personnel with limited contributions from other agencies. The 
multidisciplinary CDR process is likely most effective with well-balanced representation from multiple 
sectors. Third, a number of MIMR-CDR reviewers participated in both the initial and second panel review 
which could impact the reliability of classifications for some cases. We attempted to mitigate this influence 
by ensuring the primary and secondary reviewers were unique from the initial review, removed all notes 
and documentation, and attempted to have at least 3 months laps prior to a second review (for over 90% 
of the deaths at least 1 year elapsed). Fourth, the completeness of information has improved over time, 
thus more recent cases often have more comprehensive case files. Finally, the Alaska review process 
used a state-specific tool that may not be generalizable to the national case reporting system.  
6.5 Conclusion 
For over a decade, much research described and documented the underascertainment of 
maltreatment fatalities in official sources,(37) and suggested novel approaches for expanding these 
estimates (such as data integration and capture re-capture).(111,118) However, variation in definitions, 
processes, and information continue to contribute to measurement uncertainties.(166)  Research 
suggests the best source for measuring maltreatment mortality is the CDR. Our study provides the first 
known reliability assessment of CDR panel classification of maltreatment mortality and provides evidence 
for the need to develop and validate of set of guidelines or decision process for classifying maltreatment, 
especially neglect and negligence. 
Valid and reliable surveillance data is the cornerstone of the public health prevention model. CDR 
is a key process for improving maltreatment fatality estimates. Additional research is needed to assist in 
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developing systematic processes for making consistent classifications. Future research should also 
assess the impact of committee composition on classification designations. Until we can increase the 
consistency in classifying maltreatment deaths, incidence estimates will vary unpredictably and reduce 
our ability to implement and measure the impact of prevention efforts over time. 
 
Table 6.2 Agreement classification between two review panels, Alaska MIMR-CDR (n=101) 
 
Distribution of percent agreement by level (%) 
Agreement*  
(%) 
Kappa**  
(95%CI) 
ICC
±
 (95%CI) 
No 
Unknown 
unlikely 
Unknown 
suspicious 
Yes 
Probably 
Yes 
Abuse 65.0 11.1 35.3 37.5 77.8 69.3 0.70 (0.55, 0.85) 0.70 (0.59, 0.79) 
Neglect 68.1 25.0 16.7 33.3 26.7 64.4 0.59 (0.42, 0.76) 0.59 (0.45, 0.71) 
Negligence 63.1 18.8 15.8 27.3 36.7 60.4 0.53 (0.37, 0.70) 0.54 (0.38, 0.66) 
Overall 65.3 15.8 22.2 30.0 36.8 63.4 0.60 (0.44, 0.77) 0.61 (0.53, 0.67) 
Ref: ICC = Inter-Class Correlation, 95%CI = 95% Confidence Interval 
*Total cross-diagonal agreement for all multi-categorical levels for combined panel summary tables 
** Weighted Kappa statistic using the Fleiss-Cohen weights for overall cross-diagonal agreement 
±
ICC assuming a fixed set of k panels for a single target to assess oval cross-diagonal agreement  
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Table 6.3 Proportion ratio (PR) for the association between demographics/review information and discordant classifications between review 
panels, Alaska MIMR-CDR (n=101) 
 
  
Discordant 
  
Abuse Neglect Negligence 
  
N  
(101) PR (95%CI) p-value PR (95%CI) p-value PR (95%CI) P-value 
Child Characteristics 
 
      
Sex (male vs female) 101 1.2 (0.7, 2.2) 0.548 1.0 (0.6, 1.6) 0.919 0.8 (0.5, 1.3) 0.340 
Infant Death (<24mo vs 24+mo) 101 1.6 (0.7, 3.8) 0.242 1.1 (0.6, 2.1) 0.801 1.5 (0.7, 2.9) 0.243 
Race (Native vs not Native) 101 1.5 (0.8, 2.7) 0.191 1.6 (0.9, 2.7) 0.088 1.4 (0.9, 2.3) 0.146 
Medicaid (eligible vs not) 94 1.5 (0.7, 3.2) 0.328 1.5 (0.7, 3.3) 0.261 1.2 (0.7, 2.2) 0.575 
Residence (Urban/Rural) 101 2.2 (1.2, 3.9) 0.009 1.6 (1.0 2.7) 0.068 1.7 (1.1, 2.7) 0.037 
Family/Review Characteristics  
      
Marital Status (Unmarried vs 
Married) 
95 
3.2 (1.4, 7.2) 0.001 3.3 (1.6, 6.8) 0.000 2.6 (1.4, 5.0) 0.001 
Maternal smoking (any vs none) 94 1.7 (0.9, 3.2) 0.090 1.5 (0.9, 2.5) 0.180 1.6 (1.0, 2.6) 0.079 
Family history of CPS reports 
(yes vs no) 
95 2.4 (1.4, 4.1) 0.004 2.1 (1.3, 3.5) 0.006 1.4 (0.9, 2.3) 0.190 
Out of hospital Death (Yes vs no) 100 2.6 (1.2, 5.8) 0.008 2.6 (1.3, 5.4) 0.003 3.0 (1.5, 6.0) <0.001 
Information adequate (Panels 
agreed vs did not agree)
a
 
94 2.4 (1.4, 4.1) 0.003 2.1 (1.3, 3.3) 0.006 1.8 (1.2, 2.9) 0.019 
Caregiver substance use 
contributed (Panels agreed vs 
did not agree)
b
 
101 2.1 (1.2, 3.6) 0.018 2.1 (1.3, 3.4) 0.009 1.7 (1.1, 2.7) 0.034 
Level of discordance for abuse was 31/101 (30.7%); Neglect 36/101 (35.6%); Negligence 40/101 (39.6%) 
SUIDI = Sudden Unexplained Infant Death Investigation Standardized form 
a
This was determined by comparing both panels response to the question “Was the information available for review 
adequate for the committee to determine the cause(s) of death?” We created a dichotomous variable where 0 = panels 
agreed the information was adequate or not, and 1 = panels did not agree on adequacy of information. “Information” refers 
to all the records about the death available at the time of the review. 
b
This was determined by comparing both panels response to the question “Did substance use by someone else contribute 
to the child’s death?” We created a dichotomous variable where 0 = panels agreed substance use did or did not contribute, 
and 1 = panels did not agree. 
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Figure 6.1 Maltreatment-related (Yes/Yes probably) mortality classification incidence estimation 
comparison by panel reviews, union and intersect, 2009-10 Alaska birth cohort (n=22,707 live births) 
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CHAPTER 7: DISCUSSION 
7.1 Research significance  
Primary data collection is often used for creating large population-based cohort studies (e.g. the 
ALSPAC study).(142) However, such studies are expensive and time-consuming to conduct. Population-
based cohort studies using administrative data linkages between birth and child protective services 
records are a promising strategy for conducting epidemiologic research and assessing maltreatment 
incidence over time.(7,164,168,232) The validity and utility of these studies, however, can be impacted 
by: 1) a limited set of covariates, 2) complexities in accurately following a complete cohort over time, and 
3) reliance on official maltreatment reports.(9,233) The objective of this dissertation project was to assess 
and advance the methodology for population-based linkages studies of maltreatment.  
To achieve our objective, we linked the PRAMS survey with administrative data to implement 
Phases 1 and 2 of the mixed design strategy suggested by Bertolli over 20 years ago.(1) By using novel 
administrative data sources (the Alaskan Permanent Fund Dividend) we were able to overcome many 
challenges faced in full birth population longitudinal linkage studies. Using this approach we were able to 
estimate the cumulative risk using survival analysis methods that explicitly account for censoring due to 
loss to follow-up. We constructed survival curves, and verified the results using lifetable approach. This 
lifetable approach was recently used in study (4) that estimated the prevalence of confirmed maltreatment 
in the US using synthetic data (See APPENDIX 10 for the lifetables created for this study). We were also 
able to explore some of the often implicit assumptions made in the prior US studies about non-linkage 
and censoring from out-of-state emigration. 
7.2 Methodological considerations  
Recent linkages between statewide birth records and child welfare records demonstrate the 
potential value of these methods for directing public health prevention efforts, and informing public 
policy.(7,163,232,234) Large data warehouses created through data linkage initiatives have been created 
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in Oxford, Scotland, Sweden, Norway, Minnesota, California, Western Australia, New Zealand, Wales, 
multiple Canadian provinces and others.(20,155-158,235,236) These efforts allow for multiple research 
investigations using longitudinal data on a population to study a variety of health outcomes Putnam-
Hornstien has created the largest known linkage in the US between births in California and child welfare 
records representing over 2.1 million children.(232) This linkage effort in California and others like it, 
which have linked entire birth cohorts with child welfare records like that in Texas,(175) Florida,(87,237) 
and Alaska,(176) have demonstrated the value of this methodology. These studies however, operate 
under the implicit assumption that non-linkages with child welfare (other than death in some instances) 
remain in the population outcome free. Further, these studies each implemented different linkage 
methodology and used a variety of methods of ascertaining and quantifying maltreatment making 
interpreting estimates and comparisons between studies difficult. This section discusses some of the 
important methodological considerations in these studies, and in the ALCANLink project. These include 
linkage quality, assumptions made about participants who do not link to child welfare, ethical issues, and 
quality of outcome ascertainment.  
7.2.1 Linkage quality:  
Using a representative birth sample, as opposed to the full birth cohort (i.e. all births in a given 
state in a given year), allowed us to review near-matches manually and achieve a high quality match. We 
used linkage methods that allowed for extended manual review of suspected matches and reduce the 
need for setting automatic acceptance regions, which would inevitably increase false positive 
detection.(179,196,217) High quality data linkages are imperative for health informatics studies that seek 
to replicate traditional longitudinal designs. This is because follow-up status of the subjects, and outcome 
ascertainment, is determined explicitly through these record matches, and therefore the sensitivity and 
specificity of these data linkages are paramount. Due to our ability to conduct detailed review for 
suspected matches between record sets we had high linkage success. Of the 1,235 PRAMS respondents 
in 2009, 94% linked with one or more annual Alaska PFD applications through the first five years of life 
and 327 (24%w) linked to child welfare, child advocacy, Anchorage police department, or child death 
review records as in indicator of maltreatment. Among reported maltreatment obtained from multiple 
different agencies, child welfare records identified 97% of all reports captured.  
 100 
Restrictive linkage methods such as deterministic linkages resulted in substantial bias of both the 
incidence estimate and Hazard ratios. Using only determinist linkages underestimated the cumulative 
incidence by 41% in our study and biased the hazard ratio in both directions (towards and away from the 
null). This bias would result in many factors known to be associated with maltreatment to be either under 
or over represented with respect to the effect they have on the outcome. 
The quality of probabilistic data linkage is related to the number and completeness of identifiers, 
ability to utilize training datasets to inform review ranges and acceptance thresholds, and systematic 
manual reviews of suspected cases.(8) To mitigate false linkages and false nonlinkages, we used 
iterative linkage methods which first identified all deterministic linkages, then (based on simulation of a 
training dataset) manually reviewed a large range of suspected match scores (0.80 – 0.99). This range of 
manual review resulted in a few hundred reviews for each linkage, compared to thousands that would be 
required if all births in the state (and not just PRAMS births) were used. Alaska only experiences a little 
over 11,000 births each year; for more populous states this type of extensive review effort could be 
expensive. Although a variety of techniques are used in large linkage studies to minimize linkage error, 
and generally all conduct some sort of manual review, these reviews become exponentially more 
challenging as the population size increases as the total number of suspected linkages are related to the 
total number of combinations generated between the records in source A and records in source B. 
Essentially we were able to only automatically accept exact matches, then use probabilistic linkage 
methods to identify a reasonable yet highly inclusive range of suspected matches based on a large range 
of probability match scores (i.e. lower threshold).  
Prior studies have assessed the quality of linkage methods on the use of linked medical records, 
(154) sibship creation in linked birth and death data sets (238), variation in linkage quality among 
indigenous populations (239), impact of poor linkage methods on studies of mortality in specific 
populations (179), and health care insurance claims (240) among other topics. A prior simulation study 
further measured the impact of incomplete record linkage on cox regression estimates and reported that 
the resulting bias in estimates was more profound in smaller samples (this study was not specific to 
maltreatment).(11) Based on literature documenting the potential impact of incomplete record linkage on 
linkage studies we elected to emphasize data linkage itself as a potential source of error.(241) Increased 
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comprehensive and intensive manual review combined with iterative linkage processes assisted us in 
ensuring that our matches were of the highest quality.  
Linkage quality can be deleterious impacted by name changes, missing information, and sub 
populations with less name variation. We optimized our linkages by exploring comparison patterns and 
suspected match ranges for a subset of cases. We explored the impact on linkage quality using multiple 
edit distance approaches (Levenshtein, Q-grams, Jaro-Winkler) with extended manual review.(242) We 
found that all distance approaches with extended manual review produced equivalent match rates. The 
Jaro-Winkler resulted in the fewest number of manual reviews required and was chosen as the primary 
linkage strategy. This helped us avoid linking similar names common among some ethnicities, and 
erroneously rejecting names with transpositions. Due to names with small string lengths (<4 characters) 
being less reliable in linkages (single transpositions can have greater impact) we also reviewed all 
respondents with a first or last name with a string length of three characters or less.  
7.2.2 Non-linkage assumptions:  
Unlike all prior population-level data linkage studies between birth cohorts and child welfare 
records (including our previous pilot study) we were able to quantify the person-time for the entire cohort 
without reliance on the implicit assumption that nonlinkages remain in the cohort outcome-free. In our 
study, we found that approximately 4% of the total cohort was lost to emigration and other causes of 
censoring each year.  If we had not accounted for out-of-state emigration, our 5-year incidence estimate 
would have been biased downwards by 12%. Based on our findings, data linkage birth cohort studies that 
are unable to account for censoring likely have attenuated reported maltreatment risk estimates. Although 
a 12% change in the overall crude risk estimate by accounting for emigration censoring may not seem 
very substantial, inaccurate estimates can impact the development of public policy, sufficient resource 
allocation, and if differential by populations incorrectly targeted efforts.  
As a result of this work, we believe that implicit assumptions about non-linkage made by 
investigators need to be made more explicit. A prior study in California linked approximately 85% of 
available child welfare records to a birth record.(83) They found significant differences in completeness of 
information between matched and unmatched children and determined data were not missing at random. 
Additional linkage differences were related to race, and amount of information within the CPS system 
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(e.g. matched children were more likely to have substantiated maltreatment compared to unmatched 
children in the child welfare system). These researchers postulated that one reason why some child 
welfare records likely failed to link with a California birth record were due to in-state immigration. The 
researchers fail to point out that the converse of their logic is likely also true that among the California 
birth cohort, missed linkages with the CPS system could be related to out-of-state emigration. In Alaska 
we estimated that the five-year risk of a report of maltreatment accounting for censoring was 28.5%w, 
which is 12% higher than the risk estimate that would be obtained if out-of-state emigration was ignored 
(i.e., assuming that all nonlinkages in the cohort remain outcome free) of 25.5% (95%CI: 21.5%, 29.5%).   
In our study, we observed substantial differences in the estimated hazard ratio for some 
covariates between when we correctly account for censoring or rely on nonlinkage assumptions. The 
degree of bias and direction (away or toward the null) was unpredictable. This reflected the association 
between the covariate being related to both the probability of emigration and the probability of 
experiencing the outcome. As a clear example, substantially more out-of-state emigration occurred 
among the military population of Alaska (as indicated by Tricare paid births) (73%w vs 17%w, 
respectively), to such an extent that Tricare paid births accounted for 43%w of all emigration movements. 
This highly mobile population could be under-represented due to emigration and, as some studies 
suggest, due to differential notification of suspected maltreatment to state child welfare.(243,244) We 
compared the risk between Tricare paid births and non-Tricare in our study and found that failure to 
account for emigration censoring would bias the hazard ratio by 33% and move the hazard ratio to the 
other side of the null  (0.7 vs 1.1, respectively). (See APPDENDIX 10 for the cumulative incidence 
stratified by Tricare). 
The next phase of this research would be to model censorship and calculate the inverse 
probability of the censoring weights for multiple demographic factors. These weights could then be used 
in other birth population linkages studies to adjust calculated maltreatment incidence in states that lack 
methods for enumerating out-of-state emigration. This may be particularly useful to states with large 
military populations for the reasons noted above.  
Linkage with the PFD is a substantial strength of this study since it allows us to identify out-of-
state emigration.  However, linkage to the PFD alone does not indicate presence in Alaska as absences 
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such as school and military deployment are allowed. To identify these “allowable absences” we reviewed 
the physical address and censored after the last Alaska date. For 122 (9.9%) of the PRAMS respondents, 
the PFD linkages between 2009 and 2014 were missing at least one PFD match or linked but had an out-
of-state physical address prior to an Alaska PFD match with an Alaskan physical address. Due to multiple 
influences that may impact the accuracy of the address indicated on the PFD application we used a 
conservative approach to censoring based on last known physical residence in Alaska indicated on the 
PFD application.  
We considered multiple variations in capturing person-time using the PFD and found that the 
incidence ranged from 6.6 to 6.9 per unweighted 100 person-years, depending on the assumptions used. 
We noted that, by capturing only time during years with an Alaskan physical address we also dropped 32 
outcomes (maltreatment reports).  In contrast, censoring on the last valid Alaska address dropped only 6 
outcomes, and finally censoring on the last valid Alaska address and using the mid-year of the 
subsequent year did not drop any outcomes. This mid-year method estimated the rate at 6.8 per 
unweighted 100 person-years. Based on these comparisons, we selected the midyear method, since the 
variation had only minimal overall impact on our incidence estimates and we were reluctant to delete 
outcomes. This small range in the incidence estimates (6.6 to 6.9 per unweighted 100 person-years) 
suggests that the PFD remains a reasonable source to censor the cohort over time, albeit still with some 
small degree of error. 
7.2.3 Strengths and limitations of combining survey and administrative data to increase the 
richness of potential covariate data 
 
By linking PRAMS with administrative data we greatly expanded the amount and depth of data 
elements available for analyses. The Alaska 2009 birth record research analysis data set has 192 
individual data elements; among which 140 represent measured or pre-calculated demographic or 
medical fields. With the addition of the PRAMS survey data 221 additional data elements are available for 
analysis and include medical, social, and behaviors and perceptions 12 months before, during, and 
shortly after birth. In our initial pilot study, we found that the expansion of these data elements contributed 
to improved overall prediction of a maltreatment report.(86) With the inclusion of the 3-year follow-up 
survey to PRAMS an additional 158 longitudinal data elements are available. Coupled with additional 
administrative data sources (e.g. Medicaid, law enforcement, Juvenile Justice, birth defects registry), 
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detailed medical histories, community resources, crime, and education, and parental criminal and 
behavioral health histories can not only assist in developing valid incidence estimates but extensively 
expand the breadth of information allowing comprehensive and detailed etiologic assessments.(12)  We 
plan to utilize this rich set of covariates in future analyses.  
However, use of administrative data has limitations. Elements contained in administrative data 
systems were not designed or created for research and are therefore subject to undefined missingness, 
misinterpretation/misrepresentation, undocumented changes in information captured or contained within 
an element. These elements and use of administrative data is subject to variation in policy and practice 
that influence how the data are collected and stored over time.(241) These data also have limited 
accessibility or availability to identifiers necessary for linkages, and limitations on years of information 
available. Likewise, these sources can be incredibly large requiring appropriate technologic resources 
and expertise. Administrative sources may also lack a congruent personal identifier which makes 
identifying unique individuals challenging within systems, especially among children who are adopted, or 
have name changes. In states with large populations, this could be potentially more imposing as the 
number of child identifiers needed to create correct matches increases as the probability of multiple 
children with same name and date of birth increases. Registration on administrative sources can also be 
influenced by many external factors which could create differential detection and linkage. For example, 
lower SES families may be more likely to be receiving multiple services from state agencies and have 
increased contact with mandated reporters of maltreatment. This association could increase the 
probability that 1) a low SES family is successfully linked over time to multiple data systems and 2) 
increase the probability of being reported to child welfare and thus detected and linked. This increase in 
detection would allow for more complete and differential follow-up.  
Reliance on respondents to a population-representative sample is another limitation of our 
methodology. Respondents may be systematically different from those who do not respond, which may 
also be related to the probability of reported maltreatment. Because PRAMS nonrespondents did not 
consent to participate in the initial study we were unable to link this group to CPS records to assess this. 
To create the post-stratification weights however, the full sample is evaluated for variation in nonresponse 
by demographic factors on the birth certificate. In the 2009 PRAMS sample, variation in responses within 
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strata was detected and weighted by demographic factors (see APPENDIX 3). Low maternal education, 
race, late prenatal care, and unmarried marital status were consistently associated with lower response 
rates among most strata. Although these differences are accounted for in the post-stratification weights 
these factors are also documented to be associated with maltreatment reports.(96) In our crude 
comparison between the full 2009 birth cohort and the 2009 PRAMS respondents, we found that the 
weighted estimate of the proportion of the birth cohort with a report to CPS was similar to the observed 
proportion of the full cohort with a report to CPS before age six. This provided assurance that the post-
stratification weighting works well at accounting for the variation in responses by known factors associate 
with maltreatment to enable incidence estimation. Further research is needed to understand how these 
differences would impact incidence estimations within subgroups and overall effect estimates.  
7.2.4 Ethical considerations in using PRAMS data 
All PRAMS respondents consent to have their survey responses linked to other information the 
state may have about them.(208) This consent allows us to ethically conduct data linkages with 
administrative data sources. Some controversy exists on the need for informed consent or at least 
notification for data linkages studies and what designates appropriate use of these data.(245) Large 
population linkage studies are generally authorized as minimal risk observational studies, and argue that 
active consent would lead to biased population-based estimates.(246-248) Regardless, these large 
linkage studies use personally identifiable and often protected and highly sensitive data without the 
consent or notification of the subjects, which creates the potential for harm if data is disclosed. We formed 
a collaborative partnership with the Division of Public Health to develop this project. All data linkages and 
use of identifiers were conducted by the health department with all source files remaining on state 
encrypted servers. Only authorized state employees with specified credentials have access to the 
restricted folder containing these data. We adhered to both PRAMS protocol and state policy to ensure 
these data remain secure.  
7.2.5 Nonfatal outcome ascertainment (CPS and other sources):  
In this study we attempted multisource data linkages to see if it would improve the catchment of 
outcome-positive children. In addition to suspected maltreatment reported to CPS we included identified 
suspected maltreatment from child advocacy centers, the Anchorage police department to create an 
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indicator of reported maltreatment ascertained from multiple sources. This estimate however, only 
marginally captured more cases compared to CPS alone reported maltreatment (319 of 327 identified), 
producing nearly equivalent 5-year risk estimates (0.283 compared to 0.276, respectively). This minimal 
improvement using data linkages was consistent with a prior study that attempted to identify additional 
cases through multi-source data linkage for both fatal and nonfatal maltreatment.(108,163) However with 
expanded work in identifying a wide range of ICD codes indicative of maltreatment, additional cases may 
be detected with linkages between medical and child welfare records.(98) One study however 
documenting the incidence of abusive head trauma in Alaska linked multiple record sources and identified 
49% more cases then any single record source alone. Thus the utility of multi-source data linkages may 
be limited to specific sources.(100) 
Multiple studies have addressed definitional issues and methods for capturing 
cases.(91,99,111,249) Some have simply abandoned directly measuring maltreatment and have focused 
on indices of or other factors such as traumatic childhood experiences.(25) However impacting indices or 
other factors may or may not impact maltreatment, and without improved measurements of maltreatment 
the predictions, prevention efforts and public health policies will not be as effective as possible.  
Maltreatment, which includes physical and sexual abuse, neglect, negligence, and mental injury 
has many definitional challenges that impact detection and classification.(2) Multiple studies have 
documented variation in both fatal and nonfatal neglect classifications, even though neglect reports 
account for the majority of reported maltreatments.(249-251) Nationally, the National Child Abuse and 
Neglect Data System (NCANDS) collects annual maltreatment census data nationwide. This source 
however has been clearly documented to underestimate the true magnitude of maltreatment largely due 
to variation in state definitions.(3,107) The National Incidence Study (NIS) gathers information from 
multiple sources and includes estimates of nonreported children and screened out children through 
“sentinel” reporters using a representative sampling methodology of counties using a standardized 
definition. The most recent NIS, NIS-4, estimates over 1.25 million children experienced maltreatment 
between 2005 and 2006, while during these same year NCANDS documented  just under 
900,000.(3,219) 
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The most common endpoints used in the literature to proxy maltreatment are substantiated 
reports and unsubstantiated reports recorded by state child welfare agencies. These endpoints are logical 
as each state has a designated state agency responsible for responding to and addressing allegations of 
child maltreatment. Although federal law requires each state to protect children from child abuse and 
neglect as defined in CAPTA,(76) the operation of this task is state determined making comparisons 
between states often difficult and within state comparisons over time subject to changes in policy. 
Furthermore, official reports also require an individual to recognize, have suspicion, and report the 
maltreatment to the designated agency. This results in potential differential detection bias by 
demographic factors, as some research clearly documents racial bias in reported cases (i.e. reporters are 
more likely to report someone who doesn’t look like them or reside in similar social settings). Differential 
reporting could impact derived associations if the bias related with reporting is also related with the 
outcome.  
Although substantiations or confirmations are still used as endpoints, research has begun to shift 
towards the use of all recorded maltreatment reports by CPS agencies regardless of determination, and 
emerging research is measuring the report itself as an important and valuable measure as an indicator of 
childhood exposure to trauma.(84) Studies have documented that children confirmed for maltreatment by 
child welfare have similar risk profiles and experience similar negative health outcomes as those that are 
recorded but unconfirmed as well as those that are only reported but not evaluated for 
maltreatment.(75,77,82,85,86,252) Likewise we considered the endpoint as any valid report, as the 
emerging evidence suggests that that first report may indicate a sentinel event worthy of prediction and 
prevention. Additionally, these children tend to have risk profiles derived from limited birth record factors 
resembling those with confirmed maltreatment. 
Research suggests that maltreatment can be accurately measured by survey for adolescents and 
young children, and proxy by a parent.(253) Clearly challenges with recall, social desirability, response, 
and selection can impact estimates measured through survey. Finkelhor has largely pioneered the use of 
telephone, in person, and electronic survey methodology in the US and internationally to measure 
childhood exposure to violence and abuse. He has documented that a large proportion of children (41%) 
in the US have had exposure to at least some form of violence in the last year with 1 in 10 experiencing 
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an assault-related injury.(127) The most beneficial use of survey to improve detection of maltreatment 
however, has been by integrating survey results with administrative records. Studies using this duel-
detection methodology have captured substantially more maltreatment. In one longitudinal study 41% of 
the officially reported cases were also self-reported, however only 17% of the self-reported cases were 
also officially reported.(96) This duel-detection methodology provides evidence that multiple methods and 
sources are likely needed to detect all possible children that have potentially experienced maltreatment in 
the population. 
Although for this study we used a multi-source endpoint that had little improvement on overall 
case ascertainment (which could be due to the sources chosen or how we operationalized our defintions) 
we conducted post hoc assessments of CPS only endpoints including reports to CPS, screened in reports 
by CPS, and CPS substantiated cases. We found that the relative different between the maxim detected 
potential maltreatment (multi-source report) and minimum (CPS substantiated report only) was fairly 
constant at ages 1 thru 5 (3.5, 3.2, 3.2, 3.1, 3.2, and 3.2 times as high respectively). We further identified 
that failure to account for censoring resulted in underestimation of the incidence estimates for all 
endpoints; however, the impact was marginal for substantiated maltreatment. This is likely due to 
prevalence of the substantiations remaining relatively rare (<10) before age six in the population. (For 
cumulative hazards for each endpoint please see APPENDIX 10) 
In future studies, to improve outcome ascertainment we must first detect and capture all potential 
maltreatment. This will likely require using all of the leading methods including using official reports, 
survey responses, proxy responses, and multi-source data linkages. Only after a reliable method for 
capturing and collecting all potential children experiencing maltreatment in the population we apply 
standardized classification criteria to identify true maltreatment cases bases on a clear operational 
definition.  
7.2.6 Fatal Outcome Ascertainment (CDR and other mortality sources):  
Efforts to improve estimates of fatal maltreatment have become a recent national priority even 
after decades of research documenting the under ascertainment by vital statistics and NCANDS data. In 
2011 a GAO report on child fatalities due to maltreatment emphasized the need for improved national 
data, subsequently a bipartisan federal commission was formed with the task of developing 
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recommendations to reduce child abuse and neglect fatalities.(107) Although the commission’s report 
experienced both internal and some external resistance to the approaches in preventing maltreatment-
related fatalities, nearly all agree that data improvements are needed and can be achieved. Multi-
disciplinary child death review process was originally developed to better track and classify fatalities 
resulting from maltreatment by a parent or caregiver.(109) This methodology has consistently been 
suggested in the literature as the likely single best source for maltreatment-related mortality.(118,224) 
Two studies, one using multi-source data linkages conducting among three states and another using 
capture re-capture methods both independently conclude that the CDR model is likely optimal, but would 
require clear classification guidelines.(108,111) Consistent with these recommendations we found that 
two independent CDR panels identified similar numbers of maltreatment cases but variability in the cases 
identified, suggesting that clear guidance is needed to assist CDR panels in making consistent 
determinations. 
The use of expert panels to review medical and social histories has produced highly credible 
maltreatment classifications of abuse.(106,129,223) Likewise we assessed the reliability of CDR panel 
classifications and found that CDR consensus review panels for classifying maltreatment deaths had 
“substantial” reliability for abuse, but only “moderate” reliability for neglect and negligence classifications.  
Consistent with one study assessing individual heterogeneity, certain factors were associated with greater 
discordance between CDR panels. For neglect and negligence deaths the incidence estimates had 
substantial variation between panel-intersection and panel-union estimates however; abuse estimates 
were much more stable between panels. Assuming the true estimate lies between panel agreement 
(intersection) and panel union (all detected cases between both panels) we found that for maltreatment-
related fatalities in Alaska, the incidence proportion could be as low as 1.2 and as high as 2.0 per 1,000 
live births; for abuse 0.44 to 0.75, for neglect 0.44 to 1.1, and for negligence 0.8 to 1.6. These large 
ranges in estimates reaffirm the need for standardized classification methods for consensus and likely 
even expert panels classifying maltreatment, and particularly important for neglect and negligence. 
Neglect classification have yet to be measured reliably by an individual or consensus/expert 
panel, indicating the need for tools that externalize largely internal and personal decision making rules 
when confronted with different known risk factors.(254) The use of a multi-disciplinary expert panel is 
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likely the ideal process for classifying both fatal and non-fatal maltreatment but also the least efficient and 
most resource intensive and likely only reasonable for subsets or samples. This could be accomplished 
within the context of the ALCANLink study but would be logistically impractical in a full birth cohort study 
like that of California. 
7.3 Future Research Needs 
This dissertation project was designed to rigorously examine the development and 
implementation of a population-representative data linkage project in a single state (Alaska). Alaska has 
unique administrative sources allowing us to quantify the impact of a few major assumptions often made 
in population level linkage studies of maltreatment. Future population-level linkage projects studying 
maltreatment and child death review organizations can utilize this information to inform and improve 
research estimates and data. Additional research is needed to better understand the influence of 
including/excluding specific expertise in multi-disciplinary consensus and expert panels when making 
maltreatment determinations. Additionally, a great need exists for the development and validation of 
maltreatment (specifically neglect and negligence) classification decision tool to improve the reliability of 
determining the presence or absence of neglect. Combined with improved understanding of expertise 
influence, the development of a standardized methodology to identify and classify maltreatment even in 
the presence of incomplete information can likely be realized. Upon validation of a reliable method for 
making fatal maltreatment classifications, efforts should be made to optimize detection and classification 
of both fatal and nonfatal maltreatment in the general population and applied to linkage studies to improve 
incidence estimates. 
7.3.1 Replication of methodology in multiple jurisdictions 
One goal of the ALCANLink project is to expand the core methods to multiple PRAMS sites. 
Linking PRAMS with child welfare records in multiple jurisdictions would facilitate comprehensive 
assessment of a crude incidence and identify risk factors for child maltreatment, in a representative 
multistate population using standardized and comparable survey questions and outcome data.  With 
nearly every state, some local jurisdictions, and tribal communities participating in PRAMS we have the 
opportunity to now develop a multi-site study. We plan to identify states that have conducted PRAMS 
during the 2009-2011 years and maintained at least a 60% response rate to the survey and have similar 
 111 
child welfare structure and data management (e.g. record all reported allegations, not only those 
screened-in for further assessment or substantiations). We will also try to identify states that have similar 
statutes regarding mandatory reporting and population structure and size to allow for improved 
standardization of linkage methods.  
Because of the significant need for high quality comprehensive data on child maltreatment, we 
plan on providing technical assistance to states that are identified and willing to participate by going 
onsite and conducting or directing the initial linkages and establishment of the cohort. A condition of such 
assistance would be the agreement that de-identified data be pooled into a multi-site data depository. The 
official national source for maltreatment data (NCANDS) only records officially reported maltreatment, and 
the NIS attempts to expand national estimates by using sentinel reports with national cumulative 
incidence estimates only available through synthetic lifetable estimations or survey.(3,4,219) Further 
development and expansion of this linkage methodology will provide necessary data to facilitate extensive 
investigation and broader understanding of the incidence of maltreatment in the population and among 
subpopulations. This will provide valuable and necessary data for targeting populations, developing 
policy, and detecting meaningful effects of intervention programs and policies. 
7.3.2 ALCANLink project expansion 
The ALCANLink project was developed as a component of the Alaska Surveillance of Child 
Abuse and Neglect (SCAN) program within the Alaska Division of Public Health to establish a data source 
for measuring maltreatment and its effects over the life course. A three-way partnership between private 
investment (Travis Fund), university expertise (UNC Epidemiology and UNC Injury Prevention Research 
Center), and state government (Alaska) has informed the initial development and validation of the 
ALCANLink project through this dissertation project.  
The SCAN program will continue following the 2009 PRAMS cohort prospectively over time and 
into adulthood allowing for future data analyses that may inform public policy. The ALCANLink project will 
be expanded to include additional PRAMS years (2010 and 2011) that all share a common survey 
allowing for direct comparisons between years. Additional PRAMS years will be linked to the core data 
sets (vital death records, child death review determinations, and PFD) to measure changes in cumulative 
risk of reported maltreatment among birth cohorts over time. Additional administrative linkages will also 
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contribute to the overall expansion of the longitudinal cohort for the 2009 – 2011 PRAMS years to allow 
for expanded assessments accounting for influences across levels of the socio ecologic model. Particular 
focus will be on increasing information related to caregiver histories with child protection, juvenile justice, 
mental health, and criminal charges. Finally, we will seek to improve our identification of suspected 
maltreatment by expanding detection methods that might have additional utility (such as medical records 
and direct survey).  
By expanding the size of the cohort, continuing to track the cohort over time, extensively 
reviewing  data linkages, and improving maltreatment identification, this longitudinal source of information 
will mirror if not exceed traditional longitudinal methods for studying maltreatment. As this linkage study 
indirectly follows subjects over time the bias due to potential differences in attrition related to 
maltreatment exposure is likely somewhat mitigated, which further support the original theorized mixed 
design as the likely best methodology for epidemiologic investigation of child maltreatment in the 
population. 
7.3.3 Further steps in improving fatal and nonfatal outcome ascertainment 
The next steps in improving maltreatment identification for the ALCANLink study is to expand the 
data sources to include child welfare reports, ICD codes indicative of maltreatment from Medicaid, 
Hospital Discharges, and Health Information Exchange data, all child advocacy center reports, and 
maltreatment related fatalities specified by the CDR committee from administrative sources. We found 
little utility in using law enforcement data from Anchorage, so we do not propose to expand that data 
source. We also propose conducting an additional survey to the 2009 PRAMS respondents to inquire 
about maltreatment using validated tools. Beginning in 2015, the 3-year follow-up survey now has a 
series of questions allowing for a detailed assessment of neglect and abuse that will be useful in the 
future research.  
Improved outcome ascertainment is critical for incidence measurement.  Accurate assessment of 
incidence is needed in order to set MCH priorities, monitor trends over time, and measure and identify 
valid relationships between given exposures and the outcome. To accurately understand and interpret the 
hazard ratios produced from longitudinal maltreatment research the effect of bias on outcome 
ascertainment (i.e. sensitivity and specificity) must be explicitly understood.  Ideally, a multidisciplinary 
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panel should review each event with a complete child history obtained from multiple sources to make 
systematic determinations on the presence or absence of maltreatment. Initial efforts should utilize the 
CDR consensus process and focus on abuse where the panels had substantial agreement and expand to 
detected non-fatal events such as trauma center or hospital admissions to determine whether they are 
abuse or violence related. 
7.4 Public health significance   
The relationship between negative childhood experiences and chronic behavioral and health 
problems is well documented. Research suggests that children experiencing early adverse events have 
higher mortality rates, engage in unsafe behaviors such as substance abuse, and experience more 
mental health issues.(25,45,46,65,255) Prevention of early childhood stressors such as child 
maltreatment will not only improve the immediate health functioning of the child, but may contribute to the 
reduction of many acute and chronic ill health effects throughout the life course. This study provides 
evidence that a large proportion of the birth population in Alaska (28% by age 5) may be experiencing 
some form of maltreatment. Primary prevention efforts to reduce and mitigate maltreatment in this 
population are needed. 
Improved epidemiologic information about maltreatment at the population level will hopefully lead 
to data-informed policy development and targeted resource allocation for prevention efforts.  
Improvements on epidemiologic information can best be accomplished through the establishment of large 
comprehensive longitudinal data. This study fills multiple gaps among birth cohort linkage studies and 
sets the foundation for the development of a large multi-state nationally representative linkage project. By 
utilizing the PRAMS survey as the base sample, we improve upon large birth linkage that use all births in 
a state by expanding covariate and exposure assessments and through higher quality linkage.  
Demographic factors on the birth certificate have been consistently highlighted as associated with 
maltreatment reports include low socio economic status (often indicated as on public assistance), young 
maternal age and education, maternal smoking, poor prenatal care, rapid repeat births, race, and lack of 
paternity on the birth certificate or single marital status.(83,138,256) These factors, while sensitive, are 
nonspecific in that they do not elucidate the etiologic process underlying maltreatment in addition to only 
some being modifiable, making these poor overall indicators for developing primary prevention efforts for 
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maltreatment. By combining population-representative survey data with administrative data, we should be 
able to characterize in more detail the influence and changes in relationships, personal and familial 
stressors, health care utilization, bonding and attachment, mental health, and substance use, at multiple 
time points. This will allow for much more comprehensive analyses, resulting in improved predictive 
models, in future research. 
Finally, without accurate and reliable measures of the incidence of maltreatment in the total 
population it is impossible to measure impact and effectiveness of interventions. This methodology 
provides a framework to develop efficient and scientifically rigorous population-representative measures 
of maltreatment risk, and to monitor changes in incidence over time. 
7.5 Conclusion 
The Alaska Longitudinal Child Abuse and Neglect Linkage (ALCANLink) project links population-
representative epidemiologic survey with administrative records. Through the unique data resources of 
Alaska, we were able to explore assumptions about nonlinkage made in prior research (ie that 
nonlinkages did not emigrate outside the catchment area for outcome ascertainment) and expanded the 
potential set of covariates available for screening and predictive risk assessment (to be used in future 
research). We determined that the Pregnancy Risk Assessment Monitoring System can be feasibly 
integrated with administrative data for child maltreatment research, and provides the ability to efficiently 
quantify the incidence of maltreatment over time. We also assessed the reliability of maltreatment 
consensus classification made by child death review teams in order to determine the reliability of 
ascertainment of fatal maltreatment in this cohort. We found reliability was good in some areas (physical 
abuse, and no maltreatment) but poor in all other areas. 
Further directions for this work include replicating this linkage methodology in other states and 
extending ascertainment of suspected maltreatment in the population by improving the reliability and 
validity of non-fatal maltreatment classification. Alaska has a unique administrative source (PFD) that 
allows for comprehensive follow-up. However, other states should implement similar linkage methods to 
better understand the incidence of, and risk factors contributing to, maltreatment reports. This would 
facilitate comparisons between states. Additionally, inverse-probability-of-censoring weights could be 
derived from the Alaskan data. These weights could be applied to the data from other states to 
 115 
statistically correct for the absence of data sources that capture out-of-state emigration. Finally, for this 
linkage method to be worthwhile, improvements in outcome ascertainment are needed. The multi-
disciplinary consensus process used by child death review teams is a promising strategy for improving 
fatal maltreatment classifications and should be expanded to nonfatal maltreatment. However, the 
research conducted in this dissertation makes it clear that this classification process will need the 
development and validation of clear systematic decision processes to improve the consistency of 
maltreatment classifications.   
  
APPENDIX 1: STUDIES USING BIRTH COHRT DATA LINKAGES AND RELATED DESIGNS FOR MALTREATMENT RESEARCH 
Author, 
Year 
Design and 
Methods 
Population Age of 
follow-up 
Outcome censor Estimate Key results 
Selected Maltreatment studies using population-based Linkages of administrative data 
Chamberla
nyne,1998 
(150) 
Population-
based linkage 
cohort (British 
Columbia)  
All health care 
registered people 
linked with Hospital 
separations, MSP 
payments, Deaths, 
Births, Long Term 
Care, and 
prescriptions for 
elderly 
Unkno
wn 
NA NA NA Description of the 
linkage dataset, and 
discussion on ethical 
issues. Centralized 
large data linkages 
reduce need for 
multiple linkages of 
same data. 
        
Gessner, 
2004 (176) 
Retrospective 
birth cohort 
linkage study 
(Alaska) 
resident births 
between 1994-2000, 
linked with child 
welfare, child 
welfare, trauma 
registry, hospital 
discharges, and 
CDR (n=70,842 
births; 325 physical 
abuse cases) 
7 years substantiated 
maltreatment 
by child 
welfare or 
Homicide 
indicated on 
DC 
Person-time was 
inferred by 
number of live 
births each year, 
nonlinkages were 
assumed to 
remain in cohort 
outcome free and 
alive. 
4.6 per 1,000 
live births 
(0.46%) 
experienced 
physical abuse 
during first year 
of life.  
Of the 2016 infants 
hospitalized for trauma 
without abuse, 39 had 
injuries inconsistent 
with reported 
mechanism and were 
potential unreported 
abuse). Linkage with 
population based data 
allows estimation of 
risk and identification 
of population level risk 
factors. 
1
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Johnson-
Motoyama, 
2015 (257) 
Nested 
Retrospective 
birth cohort 
linkage study 
(California 
births linked 
with child 
welfare 
records) 
Births between 
2000-2006 where 
maternal race coded 
as Hispanic 
(N=1909155) 
Throug
h age 1 
yr 
reported 
maltreatment 
and 
substantiated 
maltreatment 
official 
reports 
Person-time was 
not calculated 
rather number of 
live births. They 
assumed that 
those infants that 
did not link with 
CPS remained in 
the cohort 
outcome free and 
alive 
Reported 
maltreatment 
(Hispanic ) 
4.4%; 
substantiated 
(Hispanic) 
1.5% 
Differences between 
reported and 
substantiated 
maltreatment between 
foreign-born and US  
born children. 
Jonson-
Reid,2007 
(258)  
Matched 
longitudinal 
study 
(Midwestern 
metropolitan 
region) 
Data from a 
longitudinal study of 
services and 
outcomes for poor 
children. Group (a) 
first reported for 
abuse or neglect in 
1993 to 1994, Group 
(b) comparison 
group with no record 
of child 
maltreatment 
reports or child 
welfare contact prior 
or during sample 
frame. (n=7438, 
3719 x 2) 
age 18 death Follow-up 
determined 
through multi-
source data 
linkages. 
Through this 5 
cases were lost 
for emigration. 
Non linkage with 
sources were 
likely considered 
outcome free in 
the cohort.  
0.51% died in 
maltreatment 
group; 0.27% 
died in 
comparison 
group 
Maltreatment group 
had twice the risk of 
death before age 18. 
Among children with 
maltreatment reports, 
median time from the 
first report to 
subsequent death was 
9 months. The 
majority deaths who 
were reported for 
maltreatment could be 
categorized as 
preventable. 
1
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Lanier, 
2010 (74) 
Nested 
Matched 
longitudinal 
cohort linkage 
study 
Low income families 
with dependent 
children between 
91-94. Maltreatment 
group with a first 
report  prior to age 
12 yrs between 93-
94, low income 
comparison group 
sans CM (n=10089) 
Nested study 
restricted to births 
born >=1985 
nonmissing records, 
and first report in 
comparison after 
sampling period. 
12 to 
18 
years 
Multiple 
disease 
groups 
(hospital 
treatments) 
using ICD-9 
classification
s 
Based on the 
parent study by 
Jonson-Reid, 
2007 indicated 
above with 
further 
restrictions based 
on time of first 
report and data 
cleaning. Again 
nonlinkages likely 
assumed to 
remain in cohort 
outcome free. 
NA Risk of hospital 
treatment among 
those with CM report 
was 75-100% higher 
(controlling for multiple 
factors). Negative 
health impact of CM 
prior to adulthood 
supports need for 
early prevention 
efforts. 
Maclean, 
2016 (162) 
Nested 
Population-
based linkage 
cohort study 
(Western 
Australia)  
Children enrolled in 
year 3 and eligible 
to take national 
literacy exam 
between 2008-2010 
and attendance data 
available (N=46838) 
3 years Official 
reports to 
child 
protection. 
Suspected 
and 
confirmed 
measured. 
Multi-source 
record linkage on 
the population in 
Western 
Australia. Exact 
exclusions are 
not specified, 
however it 
appears that 
those that birth 
records that do 
not link are 
assumed to 
remain in the 
cohort outcome 
free.  
Reports = 5.8%; 
unsubstantiate
d = 2.9%; 
Substantiated = 
3.1% 
Children involved with 
child welfare or 
reported have lower 
reading scores. 
1
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Needell, 
1998 (259) 
Retrospective 
birth cohort 
linkage study 
(child welfare 
foster care 
placement 
records with a 
random sample 
of births) 
Children matched 
with BC entering 
foster care in CA 
within their first year 
of life between 
1989-1994 
(n=26460), and birth 
sample in CA during 
the same time 
period not in foster 
care (n=68401) 
1 year Infants in 
foster care 
Birth records 
were linked to 
CPS records and 
the foster care 
database. Among 
the sampled 
control it appears 
that the 
assumption is 
that all matched 
births remained 
in the cohort and 
thus were not in 
foster care at any 
time during the 
first year of life 
(assume they 
would have 
captured the 
outcome if it 
occurred). 
NA Linkage of 
administrative data 
can be used to provide 
information about 
abused and neglected 
children in the 
population. Infants in 
care differ in 
substantial ways from 
other children.  
1
1
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O'Donnell, 
2009 (161) 
Retrospective 
matched case-
control study of 
children born in 
Western 
Australia. 
All children born 
during 1990 to 2005 
in Western Australia 
linked across 
datasets. Included 
health data from 
Midwives 
notifications, Birth 
and death 
registrations, 
Hospital morbidity 
and mental health, 
linked with child 
welfare data, and 
relative 
disadvantage index. 
Cases group 1, 
children who had 
CM allegations from 
1990-2005, cases 
group 2 
substantiated CM 
from 1009-2005, 
with 4 control 
groups 
1990 to 
2005 
Hospitalizatio
ns 
Multi-source data 
linkage study 
using birth 
records as the 
base cohort. 
Multiple 
population level 
health databases 
were included in 
this linkage. It 
appears that the 
matched control 
group that did not 
link with these 
data sources was 
assumed to 
remain in the 
cohort without the 
outcome. 
61% of cases 
and 40% of 
controls had at 
least one 
admission. 
Every unit 
increase in 
admission rate, 
there was a 10-
fold increase in 
risk of 
allegation and 
a 21-fold 
increase in 
substantiated 
allegations 
(injury). 
Children with 
maltreatment 
allegations and 
substantiations had 
higher mean prior 
admission rates 
compared to controls. 
Higher rates  of 
general admissions 
and admissions for 
injuries, infections, 
mental, other 
morbidity were 
associated with 
increased risk of child 
maltreatment 
allegations and 
substantiations 
1
2
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O'Donnell, 
2010 (160) 
Retrospective 
cohort study 
using linked 
data 
All children born 
during 1990 to 2005 
in Western Australia 
linked across 
datasets. Included 
health data from 
Midwives 
notifications, Birth 
and death 
registrations, 
Hospital morbidity 
and mental health, 
linked with child 
welfare data 
(n=397345) 
1990 to 
2005 
Substantiated 
maltreatment 
by child 
welfare 
Using the same 
Western 
Australian 
population 
linkage data. This 
study used cox 
regression with 
time initiating at 
birth and follow-
up ending at date 
of first 
substantiation or 
data of study 
completion. All 
nonlinked 
subjects appear 
to be assumed to 
remain in the 
cohort alive and 
outcome free. 
3.4% had a 
least one 
allegation to 
child welfare, 
1.6% had one 
substantiated. 
Aboriginal 
children 12.5% 
alleged, and 
7.2% 
substantiated. 
Other children, 
2.9% alleged, 
1.3% 
substantiated 
Aboriginal children 
were 4.3 times as 
likely to be reported 
for maltreatment, and 
5.5 times as likely to 
have a substantiated 
report. Multiple 
parental factors are 
associated with 
maltreatment: 
including hospital 
admission for mental 
health, substance use 
and assault, low socio-
economics, and 
children with 
intellectual disability. 
Population linkage 
studies can help target 
prevention efforts. 
Overpeck, 
1998 (260) 
Linked birth 
and death 
certificates for 
all births 
between 1983 
and 1991 
34895000 live births 
in the US using 
annual birth death 
cohorts.  
1 year Homicide 
death 
Using a National 
linked birth and 
death file, this 
study assumes 
that births that do 
not link to a death 
file remain alive 
and in the US 
2776 homicides 
occurred. 92% 
of infants killed 
during the 1st 
day were born 
out-of-hospital.  
Strongest predictive 
factor was maternal 
age <=19yrs, <=12 yrs 
education, single 
marital status, race, 
prenatal visits, low 
gestations. 
Parrish, 
2011 (86) 
Retrospective 
birth cohort 
linkage study 
(Alaska 
PRAMS 
sample linked 
with child 
welfare 
records) 
1997-1999 Alaska 
PRAMS sample 
respondents 
(n=4217) 
0 - 48 
months 
Any report to 
child welfare 
This study 
assumed that 
subjects that did 
not link with CPS 
remained in the 
cohort outcome 
free. 
Any report 
13.9%w 
Estimates produced 
by PRAMS cohort 
were similar to full 
birth cohort. 52% of 
the maltreatment 
cases identified in 
18% of the birth 
cohort. 75% of the 
maltreatment cases 
identified in 32% of the 
birth cohort 
1
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Parrish, 
2015 (177) 
Retrospective 
birth cohort 
linkage study 
(Alaska 
PRAMS 
sample linked 
with child 
welfare 
records) 
2009-2010 Alaska 
PRAMS sample 
respondents 
(n=2,389) 
0 - 24 
months 
Any report to 
child welfare 
This study 
assumed that 
subjects that did 
not link with CPS 
remained in the 
cohort outcome 
free. 
Any report 
8.0%w 
Predictive relationship 
of IPV on subsequent 
CM varied by maternal 
education attainment. 
Putnam-
Hornstein, 
2011 (170) 
Retrospective 
birth cohort 
linkage study 
(California 
births linked 
with child 
welfare 
records) 
1999-2002 single 
year birth files 
(n=2112277) 
resident births 
< 5 
years 
of age 
Any report to 
child welfare, 
evaluated out 
reports, 
unfounded 
reports, 
inconclusive 
reports, and 
substantiated 
reports alone 
and by type 
and 
demographic 
Children born in 
the State of 
California that do 
not link with CPS 
records are 
assumed to 
remain in the 
cohort outcome 
free. 
Any report 
13.9%, 
evaluated out 
1.2%, 
unfounded 
4.1%, 
inconclusive 
3.4%, 
substantiated 
5.2%, risk/other 
2.5%, 
emotional 
1.5%, neglect 
7.4%, physical 
1.8%, sexual 
0.7% 
Record linkages of 
population sources 
with child welfare is a 
means of conducting 
public health 
surveillance of child 
maltreatment; Report 
for maltreatment is not 
uncommon; Targeted 
prevention efforts can 
be developed (e.g. 
births missing 
paternity information) 
Putnam-
Hornstein, 
2011 (83) 
Retrospective 
birth cohort 
linkage study 
(California 
births linked 
with child 
welfare 
records) 
Live born Children 
born in 2002 
(n=531035; 
removed fetal 
deaths) 
before 
age 5 
years 
Allegations of 
maltreatment  
This is basically a 
duplication of the 
prior study. 
Children born in 
the State of 
California that do 
not link with CPS 
records are 
assumed to 
remain in the 
cohort outcome 
free. 
any report 
13.9%  
Confirmed known birth 
factors association 
with maltreatment 
1
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Putnam-
Hornstein, 
2013 (72) 
Retrospective 
birth cohort 
linkage study 
(California 
births linked 
with child 
welfare 
records) 
Live born children 
born from 1999 to 
2006 and linked with 
child welfare and 
vital death records 
(n=514232). 
before 
age 5 
years 
injury related 
fatality 
Similar to the 
other studies 
above Children 
born in the State 
of California that 
do not link with 
CPS records and 
do not die from a 
competing cause 
of death are 
assumed to 
remain in the 
cohort outcome 
free. 
Relative to 
neglect; 
physical abuse 
first report HR 
= 1.70 (1.34, 
2.17) for any 
injury death; 
5.22 (3.61, 
7.57) 
Intentional; 
0.59 (0.39, 
0.90) 
unintentional 
prior allegation of 
physical abuse 
increased risk of 
intentional fatal injury 
death prior to age 5. 
Putnam-
Hornstein, 
2013 (167) 
Summary 
article 
Understanding risk 
and protective 
factors for CM: 
value of integrated 
population-based 
data 
NA NA NA NA Expanded efforts to 
integrate 
administrative records 
to understand CAN. 
Help understand 
distribution and 
interacting nature of 
risk/protective factors. 
Putnam-
Hornstein, 
2013 (174) 
Retrospective 
birth cohort 
linkage study 
(California 
births linked 
with child 
welfare 
records) 
Live born Children 
born in 2002 
(n=531035; 
removed fetal 
deaths) 
before 
age 5 
years 
Allegation of 
maltreatment, 
substantiatio
n, entry into 
foster care 
Children born in 
the State of 
California that do 
not link with CPS 
records are 
assumed to 
remain in the 
cohort outcome 
free. 
any report 
13.9%; ender 
foster care 
2.2%; 
substantiated 
5.2%; Black 
referral 30.0% 
all, 41.0% on 
public aid; 
White referral 
13.4% all, 
38.3% on 
public aid 
Adjusting for child and 
family level factors are 
necessary to 
distinguish race-
specific effects. 
1
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Putnam-
Hornstein, 
2013 (166) 
Summary 
article 
Integrating data to 
improve case 
ascertainment and 
prevention 
NA NA NA NA Widespread under 
ascertainment of CM 
using single system of 
data. Data linkage of 
multiple sources has 
potential to improve 
surveillance, improve 
child welfare decision 
making, target 
services, and increase 
research and 
evaluation. 
Putnam-
Hornstein, 
2013 (172) 
Nested 
Retrospective 
birth cohort 
linkage study 
(California 
births linked 
with child 
welfare 
records) 
Adolescents 12-19 
years of age born in 
CA and gave birth in 
2009, and linked 
with child welfare 
data for maternal hx 
of victimization back 
to 1998 (n=35098) 
variabl
e 
history of 
child welfare 
reports, 
substantiatio
ns, foster 
care 
Retrospective 
study assuming 
that those that 
did not link 
remained in the 
cohort outcome 
free and was thus 
not detected. 
44% reported 
for CM before 
conception; 
20.8% 
substantiated, 
9.7% spent 
time in foster 
care 
Many adolescent 
mothers have had 
prior contact with child 
welfare before giving 
birth. 
Putnam-
Hornstein, 
2015 (169) 
Retrospective 
birth cohort 
linkage study 
(California 
births linked 
with child 
welfare 
records) 
Primiparous 
mothers 15-19 years 
of age giving birth 
from 2006-2007 
(excluding foster 
care on or after 
conception date) 
(n=85084) 
5 years Report of 
maltreatment 
of birth child, 
and 
substantiatio
ns 
Cohort members 
that do not link 
with CPS were 
Administratively 
censored at age 
five and assumed 
outcome free 
28.3% infants 
were born to 
teen mothers 
with a 
maltreatment 
history between 
age 10yrs and 
conception 
Reports and 
substantiations 
(between age 10 and 
conception) history in 
teen mothers 
increased the hazard 
of a maltreatment 
report of birth child 
HR= 2.2 and 3.2, 
respectively) 
1
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Rhodes, 
2012 (261) 
Retrospective 
population-
based cohort 
study using the 
Registered 
Persons Data 
Base (Ontario, 
Canada) 
12-17 year olds as 
of 1/1/2004 with 
valid and active 
Ontario Health card. 
Crown wards 
included if order 
occurred before 
1/1/2004 and 
remained active 
(n=4683). Peers 
with no Crown Ward 
were included 
(n=1034546)  
End of 
follow-
up on 
12/31/2
008 
(variabl
e ages 
of 
follow-
up) 
First ED 
presentation 
for Suicide 
related 
behavior 
Multi-source data 
linkages using 
mostly medical 
record sources 
Subjects were 
censored due to 
death and 
emigration as 
detected in the 
sources used. 
Not explicitly 
clear but births 
that did not link 
with any source 
appear to be 
assumed to 
remain in the 
cohort outcome 
free. 
Crown wards: 
1578.5 per 
100k Person-
years; Peers: 
208.2 per 100k 
Person-years; 
Adjusted HR 
remained 5 
times as high in 
Crown wards 
compared to 
peers 
child maltreatment is a 
risk factor for SRB, 
particularly being 
placed in foster care.  
Spencer, 
2006 (262) 
Retrospective 
population birth 
cohort study 
(West Sussex, 
England) 
Birth occurring 
between 1983 and 
2001 with complete 
data for specified 
factors (n=119771) 
19 
years 
 
Registration 
of child 
maltreatment 
Whole population 
data linkage 
effort. Children 
born with an 
address in the 
catchment area 
included linked 
with health and 
CPS records. 
Excluded 25% of 
the population 
due to missing 
records. Appears 
that nonlinkages 
were treated as 
remaining in 
cohort outcome 
free. 
Registration = 
1.6% by age 
18, physical 
abuse (5.1); 
sexual abuse 
(2.1); emotional 
abuse (5.3); 
Neglect (4.3) 
 
Lower levels of fetal 
growth are associated 
with child 
maltreatment report 
registration. 
1
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Thompson, 
2012 (237) 
Secondary 
cross-sectional 
data analysis of 
linked 
population-
based birth 
cohort (birth 
certificate, 
health start 
parental risk 
screens, and 
child welfare 
records in 
Florida 
multipara women 
infant dyads with 
credible IPIS and 
completed Health 
start prenatal risk 
screens (n=85258) 
0-5 
years 
of age 
Proportion of 
second births 
with a report 
to child 
welfare 
Multi-source data 
linkages. 
Appears that the 
study assumes 
nonlinkages are 
outcome free and 
in the cohort at 
the point of the 
cross-sectional 
survey 
Any report 
17.0% 
Short interpregnancy 
interval is associated 
with maltreatment 
report 
Vaithianath
an, 2013 
(263) 
Population 
prospective 
cohort linkage 
study (New 
Zealand) 
Integrated public 
benefit and child 
welfare records for 
children born in New 
Zealand between 
2003 and 2006. 
(n=103397 public 
benefits spells 
reflecting 57986 
unique children) 
5 years substantiated 
CM report 
It is unclear if this 
study was able to 
censor for death 
or emigration, but 
it appears that 
nonlinkages are 
assumed to 
remain in the 
cohort outcome 
free 
13.3% of the 
children in the 
full sample 
were 
substantiated 
for 
maltreatment 
subsequent to 
the start of a 
benefit spell 
and before age 
5 years. 76% 
ROC.  
Highest risk scores 
involved children who 
had a 47.8% 
probability of 
substantiated 
maltreatment 
compared to 1.7% 
probability for the 10% 
of spells falling in the 
lowest-risk decile.  
Van Horne, 
2016 (175) 
Retrospective 
birth cohort 
linkage study 
(Texas births 
linked with Birth 
Defects 
Registry child 
welfare records 
and American 
Community 
Survey) 
Live-born infants 
between 2002 and 
2009 to Texas 
residents 
(n=3130324) 
2 yrs Any 
substantiated 
maltreatment 
reported 
between 4 
days and 2 
yrs of life 
Birth record 
linkages with 
CPS. Deaths 
linked but 
excluded from 
analysis 
(n=6206). All 
other nonlinkages 
assumed to 
remain in cohort 
outcome free. 
Substantiated 
maltreatment 
23 per 1000 
children (0.023) 
before 2nd 
birthday 
risk of maltreatment 
before age 2 was 
greater for children 
with Cleft conditions 
and spina bifida. 
1
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Wu, 2003 
(87) 
Retrospective 
birth cohort 
linkage study 
(Florida births 
linked with child 
welfare 
records) 
1996 births 
(n=189055) 
1 year Verified  
report to child 
welfare 
between 3 
days and 1 
year after 
birth 
Birth records 
linked with CPS. 
Nonlinkages 
assumed to 
remain in cohort 
alive and 
outcome free. 
Verified 0.85%, 
Indication 
1.53% 
Infants who had 4 of 5 
factors with adjusted 
IRR of 2 or greater 
had a maltreatment 
rate 7 times that of the 
population average. 
Combining 2 high risk 
groups, 50.2% of CM 
identified in 13% of the 
population. 
Selected Maltreatment studies linking using survey or and/or administrative records 
Al-Eissa, 
2015 (264) 
Cross-section 
population 
survey (Al-Karj, 
Saudi Arabia) 
Stratified multistage 
cluster random 
sampling of schools. 
Children ages 15-18 
invited to participate 
(n=2043) 
None Self-reported 
CM using the 
ISPCAN 
Child Abuse 
Screening 
Tool-Child 
Home 
version 
(ICAST-CH)  
NA psychological 
abuse 74.9%; 
physical abuse 
57.5%; 
exposure to 
violence 
50.7%; neglect 
50.2%; sexual 
abuse 14.0% 
Gender distribution of 
rates of CM in the home 
differ from heath-based 
records. These 
estimates are 
comparable to other 
regional population-
based estimates. 
Brown, 
1998 (96) 
Longitudinal 
prospective 
cohort study 
Random sample of 
644 families with 
children between 
the ages of 1 and 10 
in 1975 in Upstate 
New York 
<18 
years 
of age 
Self-reported 
and official 
reports of 
child 
maltreatment 
(substantiate
d) 
Survey 
administered 
on 4 occasions 
between 1975 
and 1992. 
Nonresponders 
censored. 
96 cases of 
maltreatment 
identified, 48 by 
self-report, 27 
officially 
confirmed 
reports, and 21 
by both. 14.9% 
of the cohort 
with 
maltreatment. 
Children with 
no risk factors 
3% had 
maltreatment, 
24% with four 
or more. 
Risk factor assessment 
can assist in targeting 
high risk populations for 
maltreatment. Those 
who reported more risk 
factors had elevated 
odds of maltreatment.  
1
2
7
 
  
Clement, 
2016 (20) 
Cross-section 
population 
survey 
(Quebec 
Canada) 
Representative 
sample of 5371 
Quebec households 
with children ages 
between 6months 
and 17 years 
(analysis limited to 
children <15 
(n=3298) 
No 
follow-
up   
Self-reported 
parental 
behaviors 
using the 
short version 
of the Parent-
Report 
Multidimensio
nal Neglectful 
Behavior 
Scale 
(MNBS) 
NA 6mo-4yrs 
25.9% 
(23.4,28.5); 5-9 
yrs 29.4% 
(26.6,32.4); 10-
15 yrs 20.6% 
(18.2-23.1) 
This studies measures 
neglectful behaviors to 
represent acts of 
omission in a general 
population of 
households. Factors 
associated with the 
outcomes were similar to 
those identified in 
studies using reports as 
the endpoint! 
Crowne, 
2012 (133) 
Longitudinal 
prospective 
cohort study 
(Hawaii) linked 
with child 
welfare data 
Women giving birth 
in six study 
communities on 
Oahu from 11/1994 
to 12/1995 were 
screened for risk of 
CM (data originated 
from a RCT of the 
Hawaii healthy start 
program). 6553 birth 
occurred, 89% 
screened, 1803 
classified as "at 
risk", 897 eligible, 
730 agreed to enroll 
in Health start and 
study, 658 met 
current study 
eligibility. 
by age 
six 
Parenting 
behaviors, 
and child 
outcomes 
Followed 
prospectively 
through direct 
survey and 
data linkages. 
Subjects 
remaining in 
the cohort 
censored at 
age 6. 
Child born to 
women with 
rapid repeat 
birth 13%; 
Women without 
7% had 
substantiated 
child welfare 
report by 72 
months. 
Women with an RRB 
were more likely to 
report neglectful 
parenting, children more 
likely to have behavioral 
problems and lower 
cognitive functions and 
substantiated for CM. 12
8
 
  
Kotch, 
1999 (138) 
Prospective 
cohort study 
(sample drawn 
from the 
Stress, social 
support, and 
abuse and 
neglect in high 
risk infants 
study) 
1111 mother-infant 
dyads recruited 
between 85 and 87 
from North and 
South Carolina 
hospitals and health 
depts. 842 
interviewed in home. 
This study limited to 
NC pairs only of 708 
at-risk infants  
By age 
five 
Reported CM 
to the central 
registry 
Subjects 
followed 
through direct 
contact and 
censored due 
to loss of 
contact 
25.3% reported 
before age 5 
yrs; 9.6% 
substantiated 
Low SES increased risk 
of CM during the first 4 
years of life. Maternal 
depression, life event 
stress, low social 
support at increased the 
risk of CM. 
Lansford, 
2002 (134) 
Longitudinal 
prospective 
cohort study 
(community 
sample in 
Nashville and 
Knoxville) 
2 cohorts of children 
in 1987 and 1988 
randomly enrolled 
during kindergarten 
preregistration to 
study "child 
development". 75% 
agreed to participate 
(n=585). Followed 
up annually, at 12 
year follow-up 463 
(79%) continued. 
Interviewer 
assessed child 
physical abuse at by 
age 5. This was 
compared to official 
reports. 7 of the 69 
had child welfare 
involvement, 6 new 
cases detected 
through interview 
and reported. 
12 
years 
of 
follow-
up 
(most 
comple
ted 
11th 
grade) 
Psychological
, behavioral, 
and 
academic 
problems in 
adolescence 
Subjects 
followed 
prospectively 
through direct 
survey and 
contact  loss-
to-follow up 
and death 
censored 
Exposure: 
69/585 = 0.118 
by age 5 
reported for 
physical abuse. 
Adolescents 
maltreatment by age 5 
were absent more from 
school, had higher levels 
of aggression, and other 
behavioral and 
academic problems in 
adolescents. 1
2
9
 
  
Leventhal, 
2011 (265) 
Population 
based cross-
sectional study 
(2006 Kids' 
Inpatient 
database) 
The Kids' Inpatient 
database was used 
to estimate the 
incidence of 
hospitalizations due 
to serious physical 
abuse among 
children <18 years 
of age 
NA Serious 
physical 
abuse 
none 6.2 per 100k 
children <18 
years of age 
due to abuse, 
58.2 per 100k 
in infants, 
133.1 per 100k 
covered by 
Medicaid 
Occurrence of serious 
injuries due to physical 
abuse in hospitalized 
children can be 
estimated using hospital 
discharges. 
Marshall, 
1999 (132) 
Prospective 
cohort study of 
children 
reported to 
child welfare 
(Washington 
State) 
120,000 referrals 
received in 
northwest child 
welfare system 
between 1994 and 
1997.  
2.5 
years 
of 
follow-
up form 
first 
initial 
referral 
Subsequent 
CM report 
Unclear but 
appears to 
assume that 
those that do 
not receive a 
subsequent 
report are 
assumed to 
remain in the 
cohort alive 
and without the 
outcome. 
35% of all 
cases will refer 
within 28 
months, and 
11.5% of all 
founded cases 
will reoccur 
with 26 months. 
Time to referral 
decreases with an 
increasing number of 
prior referrals, and there 
is a marked difference in 
the time to first referral 
when compared to 
subsequent referrals. 
Mills, 2016 
(97) 
Mater-
University of 
Queensland 
Study of 
Pregnancy 
(MUSP) 
Longitudinal 
birth cohort 
study (from 
1981-1983) 
assessments at 
initial visit, 3-5 
days, 6 mo, 
5yrs, 14yrs, 
21yrs 
8556 consecutive 
pregnant women 
attending Mater 
Misericordia 
Mothers' Hospital for 
1st prenatal visit 
invited. 7223 mother 
infant pairs included 
(singleton live 
births).  
21 year 
follow-
up 
Self-reported 
sexual abuse 
reports based 
on a 
questionnaire 
by Fleming 
1997 and 
official 
reports of 
suspected 
SA 
This was a 
multi-
assessment 
study and 
followed a birth 
cohort with 
scheduled 
follow-up  21 yr 
52.5% 
remained in the 
cohort 
Prior to age 
16yrs 25.2% of 
respondents to 
the sexual 
abuse 
questionnaire 
reported sexual 
abuse. 0-21 
yrs, Only 2.5% 
had agency 
reports of 
sexual abuse, 
54 also self-
reported it 
while 40 did 
not. 
Increased attrition 
among families with 
reports of child 
maltreatment.  Both self-
reported and agency 
reported SA are 
associated with 
depression, anxiety, and 
PTSD 
1
3
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Murphy, 
1981 (256) 
Matched case 
control study  
Child welfare 
registrants under 
age 5 linked with 
Cardiff Births Survey 
and birth records, 
controls were 
matched on date of 
birth and sex. 80 
cases and 80 
controls identified 
none Child abuse 
registration 
Children 
without a CPS 
record and that 
do not link with 
birth records 
assumed to be 
out of area, the 
matched 
control were 
assumed to 
remain in the 
area outcome 
free. 
NA Eleven factors of 44 
were associated with 
maltreatment from the 
birth record survey: 
preterm birth, NICU 
admittance, young 
maternal age, marital 
instability, low SES, and 
maternal smoking. 66% 
of abused children and 
at least 5 of these 
factors compared to 
16% of the control group 
Sidebotha
m,  2001 
(144) 
Nested case-
control based 
on the a 
Prospective 
cohort study 
linked with 
administrative 
records 
Avon Longitudinal 
Study of Parents 
and Children 
(ALSPAC) in the UK 
all pregnant mothers 
resident in Avon 
area invited  based 
on deliver between 
4/1/91 and 12/31/92 
(N=14256) 
Throug
h age 6 
yrs 
referred for 
CM between 
1/1/92 and 
12/31/98, and 
confirmed 
(placed on 
registration) 
Scheduled 
direct subject 
follow-up 
placed on 
registration 115 
per 10000 
children; 23.3 
per 10000 
during first yr. 
Maternal history of 
abuse (aside from 
sexual abuse) in 
childhood after 
adjustment was not 
significant predictor of 
CM. models need to 
consider multiple 
ecological domains. 
Sidebotha
m, 2006 
(143) 
Prospective 
cohort study 
linked with 
administrative 
records 
Avon Longitudinal 
Study of Parents 
and Children 
(ALSPAC) in the UK 
all pregnant mothers 
resident in Avon 
area invited  based 
on deliver between 
4/1/91 and 12/31/92 
(N=14256) 
through 
age 6 
yrs 
suspected 
CM and 
registration 
on the child 
protection 
register 
Scheduled 
direct subject 
follow-up  
2.1% 
investigated by 
social services. 
97.5 per 10000  
(0.98% 
confirmed) 
Single parents and 
reordered families were 
both at higher risk of 
registration. Wide range 
of factors in the parental 
background, socio-
economic, and family 
environment affect risk 
of CM. 
1
3
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Stiffman, 
2002 (121) 
Population-
based case-
control study  
Data from the 
Missouri Child 
Fatality Review 
Panel system, 1992-
1994. All injury 
deaths among 
children <5 years 
old. Controls were 
randomly selected 
form natural-cause 
deaths, frequency-
matched to cases 
on age 
NA Maltreatment 
death 
Deaths only 
evaluated. 
Assumption is 
that all 
captured 
deaths are from 
the same 
underlying 
population. 
Assume no 
noncaptured 
deaths. 
NA Children residing in 
homes with adults 
unrelated to them were 8 
times as likely to die of 
maltreatment then 
children in homes with 2 
biological parents. The 
risk isn't elevated in 
single parent homes so 
long as no other adult 
lives in the home. 
White, 
2003 (136) 
Matched 
Prospective 
case control 
study 
Cases obtained 
from county court 
records from metro 
area in the Midwest 
during 1967 - 1971 
(n=908). Matched 
controls (age, sex, 
race, SES (n=667). 
Total sample = 1575 
Deaths 
prior to 
1995 
Validated and 
substantiated 
maltreatment 
by the court 
Same as the 
Widom study: 
Children 
experiencing 
verified 
maltreatment 
were matched 
with controls 
that did not 
experience the 
outcome. If 
sampling 
returned a 
subject that 
later was 
verified they 
were replaced. 
Assumption is 
that the control 
group 
represents the 
cases with the 
only difference 
being the 
outcome of 
interest. 
3.3% of total 
sample died; 
0.0012 among 
cases 0.0011 
among 
controls. 
Not support for heighted 
rate of early death in 
abuse and neglected 
children 
1
3
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Widom, 
1989 (148) 
Matched 
Prospective 
case control 
study 
Cases obtained 
from county court 
records from metro 
area in the Midwest 
during 1967 - 1971 
(n=908). Matched 
controls (age, sex, 
race, SES (n=667). 
Total sample = 1575 
Deaths 
prior to 
1995 
Validated and 
substantiated 
maltreatment 
by the court 
Children 
experiencing 
verified 
maltreatment 
were matched 
with controls 
that did not 
experience the 
outcome. If 
sampling 
returned a 
subject that 
later was 
verified they 
were replaced. 
Assumption is 
that the control 
group 
represents the 
cases with the 
only difference 
being the 
outcome of 
interest. 
28.6% of cases 
and 21.1% of 
controls had 
adult criminal 
record 
Maltreated children had 
higher levels of adult 
criminal behavior and 
violent offences but not 
arrests. 
Wildeman, 
2014 (4) 
Synthetic 
cohort lifetable 
developed from 
NCANDS data 
and population 
estimates from 
CDC 
Confirmed report of 
maltreatment by 
child welfare from 
2004 - 2011 using 
NCANDS data 
(n=5689900) 
No 
follow-
up 
statistic
al 
estimati
on 
(ages 
0-17) 
Confirmed 
report by 
child welfare, 
by 
demographic 
factor 
NA 2.1% age 0, 
5.8% age 4, 
12.5% age 17 
1 in 8 US children will 
have a substantiated 
report by age 18; 1 in 5 
among black children 
and 1 in 7 AI/AN; 
Cumulative estimates 
highlight the burden of 
exposure is far greater 
than suggested by single 
year estimates 
Selected Summary articles 
Bohensky, 
2010 (241) 
Literature 
review 
1810 articles of 
which 33 met 
inclusion criteria 
NA patient 
characteristic
s impacting 
linkage 
quality 
NA NA age, gender, race, 
setting, SES, and health 
status are associated 
with incomplete data 
linkages. 
1
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Drake, 
1999 (81) 
Commentary Discussion of three 
articles using 
administrative data 
to track recidivism 
NA NA NA NA Prime benefit of 
administrative data 
linkages is to drive 
enhanced policy-practice 
research synthesis. 
Historical archives will 
allow future researchers 
the ability to pursue 
longitudinal designs 
Jutte, 2011 
(149) 
Summary 
article 
describing data 
linkage studies 
NA NA NA NA NA Linked administrative 
data are powerful 
resources that can 
provide longitudinal 
health and social data 
that is low-cost. Many 
well-establish research 
centers, limitations 
include lack of 
individual-level 
measures of SES, social 
supports, nonfamilial 
interpersonal 
relationships. 
Roos, 1995 
(155) 
Summary 
article 
describing the 
Population 
Health 
Information 
System 
Manitoba residents 
with health care 
number 
NA NA NA NA Cross sector population 
linkages allow for 
multiple longitudinal 
research questions to be 
answered. 
 
 
1
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APPENDIX 2: PRAMS CONSENT FORM 
Important Information About PRAMS 
Please Read Before Starting the Survey 
 The Pregnancy Risk Assessment Monitoring System (PRAMS) is a research project sponsored by 
the Centers for Disease Control and Prevention (CDC) and the Alaska Division of Public Health. 
 
 The purpose of the study is to find out why some babies are born healthy and others are not. 
 
 We are asking one of every six mothers in Alaska to answer the same questions.  Your name 
and address were picked by a computer from recent birth certificates. 
 
 It takes about 20 minutes to answer all questions. Some questions may be sensitive, such as ques- 
tions about smoking or drinking during pregnancy. 
 
 You are free to do the survey or not.  If you don't want to participate at all, or if you don't want to 
answer a particular question, that's okay.  There is no penalty or loss of benefits for not participat- 
ing or answering all questions. 
 
 Your survey may be combined with information the health department has about you from other 
sources to evaluate other public health programs. 
 
 If you choose to do the survey, your answers will be kept private to the extent allowed by law and 
will be used only for research.  If you are currently in jail, your participation in the study will have 
no effect on parole or your legal status within the criminal justice system. 
 
 Your name will not be on any reports from PRAMS or any other evaluations conducted with 
PRAMS data.  The booklet has a number so we will know when it is returned. 
 
 Your answers will be grouped with those from other women.  What we learn from PRAMS will be 
used to plan programs to help mothers and babies in Alaska. 
 
 Completing the survey means that you give your consent to participate in PRAMS. 
 
If you have questions about PRAMS, or if you want to answer the questions by telephone, 
please call the Alaska PRAMS Data Manager at 1-888-269-3470. The call is free. 
The PRAMS Project was reviewed and approved by two Institutional Review Boards for 
Research with Human Subjects: the University of Alaska Anchorage and the CDC. If you have 
any questions about your rights in the project, please call the Vice Provost for Research & 
Graduate Studies at XXX-XXX-XXXX. 
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APPENDIX 3: PRAMS SAMPLING WEIGHTS 
Calculated weights for the 2009 PRAMS respondent data (n=1235). These weights and data 
presented are the official weights calculated and presented by the Alaska PRAMS contractor (Far Harbor 
analysis and research solutions http://farharbor.com/). Full weighting methodology is confidential & 
proprietary and thus not presented in intirety in this document but can be obtainined by contacting Far 
Harbor. A general overview of the weighting process and examples are provided but with some details 
omitted. This information was pprovided by the PRAMS program and reproduced with permission. The  
stratum specifice weighted response rates are presented in Table a3.1 below, with subseqent tables 
presenting the stratum weighting for sampling, nonresponse, and noncoverage. 
Table a3.1: Stratum specific sampling response rates 
Stratum % responding # responding 
Alaska Native, Low Birth Weight 59% 91 
Alaska Native, Normal Birth Weight 64% 336 
Non-Native, Low Birth Weight 64% 241 
Non-Native, Normal Birth Weight 72% 495 
Unknown Race, Unknown Birth Weight 54% 72 
Overall 69% 1235 
 
The annual PRAMS sample is drawn using a monthly rolling sampling frame.  Each month vital 
statistics samples births occurring 2 months prior to the current month for eligible participants.  Mothers of 
Infants enter a sampling frame after 60 days (~2 months) postpartum until 183 days (~6 months) 
postpartum.  After identification of the population source for rolling sampling, exclusions and limitations 
are applied to define the sampling frame, and stratified sampling occurs.  Within each stratum, systematic 
sampling specifies the selected cases. This is accomplished by randomly selecting a record between 1 
and the sampling weight “f” where (𝑓 =
𝑃𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛 𝑠𝑖𝑧𝑒
𝑆𝑎𝑚𝑝𝑙𝑒 𝑠𝑖𝑧𝑒⁄ =  
𝑁𝑖
𝑛𝑖⁄ ) , and every f
th
 record 
after.  The general specified sampling fraction (SF) of a given stratum (i) is equal to the reciprocal 𝑆𝐹𝑖 = 
1
𝑓
 
of the selection probability. For example, in a population stratum of size 380 and sample of 60, the 
sampling weight f = 380/60 = 6.33, the reciprocal is equal to the sampling fraction or 1/6.33 = 0.158.  To 
complete the example the sampling fraction of 0.158*380 = 60.0 or the sample, and the weight of 6.33*60 
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= 380 or the sampling frame.  Thus when the sampling faction and weights are applied appropriately the 
estimates produced represent the population (Table a3.2). 
The stratified sampling scheme conducted utilizes variables with high coverage on the birth 
certificate to ensure proper prevalence estimates produced are valid and precise.  Alaska stratifies by 
infant birth weight (dichotomized as <2500 g and 2500+ g) and maternal race (dichotomized as Alaska 
Native and Alaska non-Native). As indicated in the PRAMS protocol manual the stratum specific sample 
sizes are estimated for given levels of precision, type-I error and the maximum estimation of a proportion 
of 0.50.  These specifications produce the largest required sample sizes to estimate the true population 
proportions for indicated risk factors.  PRAMS protocol indicates that a sample of 400 is needed in each 
stratum to estimate the prevalence of a dichotomous variable.  Where the sample of 400 is greater than 
5% of the population a Finite Population Correction (FPC) is introduced.  This correction maintains the 
precision of any given estimate but reduces the sample size.  
 
𝐹𝑃𝐶 = 𝑛
(1 + 𝑛 𝑁⁄ )
⁄ ,𝑤ℎ𝑒𝑟𝑒 
𝑛 = 𝑑𝑒𝑠𝑖𝑠𝑖𝑟𝑒𝑑 𝑠𝑎𝑚𝑝𝑙𝑒 𝑠𝑖𝑧𝑒
𝑁 = 𝑝𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛 𝑠𝑖𝑧𝑒
 
 
Different sampling frequencies per stratum allow for a more complete population representation 
for high-risk subpopulations that would otherwise be underrepresented in a strict population-based 
randomized sample.  Analysis of this sampling schematic requires accounting appropriately for the 
stratified sampling and variable sampling rate through weighting.   
 
Table a3.2: Example of a single stratum crude sampling weight. 
Stratum 
Sampling 
Frame 
Estimated 
sample 
size 
Weight 
Sampling 
fraction 
(SF) 
Actual 
sample 
size 
Monthly 
sample 
size 
Non-Native, 
2500+ g 
7681 619 12.41 1/12.41 714 60 
 
Both the expansion weight (inverse of the selection probability) and relative weight (scaling factor 
to represent the population) are utilized in the analysis of complex survey data.  The PRAMS sampling 
weights are specified as the inverse of the stratum specific sampling fraction (selection probability).  
Poststratification adjustment incorporate the relative weight in situations with no misclassification and 
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adjusts the sampling weights for misspecifications during the sampling procedure by applying a correction 
factor that forces the ratio between different sampling weights in the same strata to remain constant. The 
adjustment (or correction) factor is applied equally to all stratum so that the sum of the weights is equal to 
the stratum index. In addition to the sampling weights, the full analytic weight also accounts for 
nonresponse and noncoverage. The formulas used to weight the PRAMS sample are discussed below.  
 
𝑁 = 𝑇𝑜𝑡𝑎𝑙 𝑟𝑒𝑐𝑜𝑟𝑑𝑠 𝑖𝑛 𝑠𝑎𝑚𝑝𝑙𝑖𝑛𝑔 𝑓𝑟𝑎𝑚𝑒
𝑁𝑖 = 𝑇𝑜𝑡𝑎𝑙 𝑠𝑎𝑚𝑝𝑙𝑖𝑛𝑔 𝑓𝑟𝑎𝑚𝑒 𝑟𝑒𝑐𝑜𝑟𝑑𝑠 𝑖𝑛 𝑆𝑡𝑟𝑎𝑡𝑢𝑚 𝐼
𝑛 = 𝑇𝑜𝑡𝑎𝑙 𝑟𝑒𝑐𝑜𝑟𝑑𝑠 𝑖𝑛 𝑠𝑎𝑚𝑝𝑙𝑒
𝑛𝑖 = 𝑇𝑜𝑡𝑎𝑙 𝑟𝑒𝑐𝑜𝑟𝑑𝑠 𝑠𝑎𝑚𝑝𝑙𝑒𝑑 𝑓𝑜𝑟 𝑆𝑡𝑟𝑎𝑡𝑢𝑚 𝐼
𝑟𝑖 = 𝑇𝑜𝑡𝑎𝑙 𝑟𝑒𝑠𝑝𝑜𝑛𝑑𝑒𝑛𝑡𝑠 𝑖𝑛 𝑆𝑡𝑟𝑎𝑡𝑢𝑚 𝐼
 
Sampling weight in stratum I (𝑊𝑠𝑖) 
 
𝑊𝑠𝑖 =
𝑁𝑖
𝑛𝑖⁄  
 
The sampling weight in any specified stratum is specified above as the total number of records in 
the sampling frame of stratum (i) divided by the total number of individuals sampled within stratum (i).  For 
example, in stratum x the sampling fraction is  
 
Nonresponse weight for record in statum I and associated nonresponse with characteristic j 
 
𝑛𝑖𝑗 = 𝑇𝑜𝑡𝑎𝑙 𝑟𝑒𝑐𝑜𝑟𝑑𝑠 𝑠𝑎𝑚𝑝𝑙𝑒𝑑 𝑎𝑡 𝑗
𝑡ℎ 𝑐𝑎𝑡𝑒𝑔𝑜𝑟𝑦 𝑜𝑓 𝑛𝑜𝑛𝑟𝑒𝑠𝑝𝑜𝑛𝑠𝑒 𝑤𝑖𝑡ℎ 𝑐ℎ𝑎𝑟𝑎𝑐𝑡𝑒𝑟𝑖𝑠𝑡𝑖𝑐 𝑖𝑛 𝑠𝑡𝑟𝑎𝑡𝑢𝑚 𝐼
𝑟𝑖𝑗 = 𝑇𝑜𝑡𝑎𝑙 𝑟𝑒𝑠𝑝𝑜𝑛𝑑𝑒𝑛𝑡𝑠 𝑖𝑛 𝑗
𝑡ℎ 𝑐𝑎𝑡𝑒𝑔𝑜𝑟𝑦 𝑜𝑓 𝑛𝑜𝑛𝑟𝑒𝑠𝑝𝑜𝑛𝑠𝑒 𝑤𝑖𝑡ℎ 𝑐ℎ𝑎𝑟𝑎𝑐𝑡𝑒𝑟𝑖𝑠𝑡𝑖𝑐 𝑖𝑛 𝑠𝑡𝑟𝑎𝑡𝑢𝑚 𝐼
 
 
𝑊𝑛𝑖𝑗 =
𝑛𝑖𝑗
𝑟𝑖𝑗⁄  
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Noncoverage weights for the k
th
 category of associated variables  
 
𝑁∗ = 𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑟𝑒𝑐𝑜𝑟𝑑𝑠 𝑚𝑖𝑠𝑠𝑖𝑛𝑔 𝑓𝑟𝑜𝑚 𝑠𝑎𝑚𝑝𝑙𝑖𝑛𝑔 𝑓𝑟𝑎𝑚𝑒
𝑁′ = 𝑁 +𝑁∗ (𝑇𝑟𝑢𝑒 𝑝𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛 𝑜𝑓 𝑖𝑛𝑡𝑒𝑟𝑒𝑠𝑡)
𝑆 =∑𝑊𝑠𝑖
∗
1−𝑖
𝑘
∗𝑊𝑛𝑖𝑗  (𝑜𝑣𝑒𝑟 𝑎𝑙𝑙 𝑟𝑒𝑠𝑝𝑜𝑛𝑑𝑒𝑛𝑡𝑠 𝑜𝑓 𝑐𝑎𝑡𝑒𝑔𝑜𝑟𝑦 𝑘)
𝑁𝑘
∗ = 𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑒𝑙𝑖𝑔𝑖𝑏𝑙𝑒 𝑟𝑒𝑐𝑜𝑟𝑑𝑠 𝑜𝑚𝑖𝑡𝑡𝑒𝑑 𝑓𝑟𝑜𝑚 𝑠𝑎𝑚𝑝𝑙𝑖𝑛𝑔 𝑓𝑟𝑎𝑚𝑒 𝑓𝑟𝑜𝑚 𝑘𝑡ℎ𝑐𝑎𝑡𝑒𝑔𝑜𝑟𝑦
𝑁𝑘 = 𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑟𝑒𝑐𝑜𝑟𝑑𝑠 𝑖𝑛 𝑠𝑎𝑚𝑝𝑙𝑖𝑛𝑔 𝑓𝑟𝑎𝑚𝑒 𝑓𝑟𝑜𝑚 𝑘
𝑡ℎ𝑐𝑎𝑡𝑒𝑔𝑜𝑟𝑦 
 
 
𝑊𝑐𝑘 = (𝑁𝑘 +𝑁𝑘
∗) 𝑆⁄  
 
Final total analysis weight for a record in the i
th
 stratum, in the j
th
 category of nonresponse 
associated with variables in stratum I, and the k
th
 category of noncoverage. 
 
𝑊𝑖𝑗𝑘 = 𝑊𝑠𝑖 ∗ 𝑊𝑛𝑖𝑗 ∗𝑊𝑐𝑘 
 
The process of postratification is a form of direct standardization which equalizes the distributions 
of two rates from unequal frequency distributions. The sampling weight adjustment provides a correction 
to the original sampling weight so that the sampling weights correctly sum to the poststratum index.   
 
The post-stratification of the PRAMS sample weight proceeds as follows: 
 
For any particular stratum (i) where records are sampled from an incorrect stratum from what is 
indicated on the birth record, the post-stratification process ensures that these records contribute the 
appropriate weighting.  While the record remains within the sampled stratum, it incorporates the corrected 
weight with a specified constant.  The sum of each of the corrected sample weights for sampling fraction 
(f) * the number sampled under the sampling fraction (f) equals the total of the sampling frame.  
 
𝑁𝑘 =∑𝑊𝑠
′
𝑗 ∗ 𝑛𝑗
𝑘
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Under a complex survey, if we sample 𝑛 individuals in stratum 𝑖 from a population of size 𝑁, but 
during poststratification identify 𝑛∗miss-specified individuals.  The adjusted sampling weight 𝑊𝑠′ is 
required to correct for 𝑛∗ individuals.  Let 𝑘 be the poststratum and 𝑀 the sampled set belonging to 
poststratum  𝑘 with 𝑗 levels of sampling weights. Finally, set 𝑠𝑓𝑖equal to the sampling fraction of the 
original stratum and 𝐶 equal the constant adjustment factor applied to original stratum sampling weights 
miss-specified.  
  
𝐶𝑘 = 
𝑁𝑘
∑
𝑀𝑗
𝑠𝑓𝑖
 
 
With the constant adjustment factor 𝐶𝑘 , all 𝑗 levels of sampling weights in poststratum  𝑘 can be 
appropriately adjusted for the 𝑀 sampled set to equal the stratum index. 
For example stratum 15 in Table a3.3 has a total sample frame (𝑁15) of 7681, and a stratum sample 
(𝑛15) of 714.  The indicated sampling fraction for stratum 15 (𝑠𝑓15) is 5/62, however respondents from 
three other strata were incorrectly included in this stratum: 
{𝑆𝑡𝑟𝑎𝑡𝑎 19, 12, 𝑎𝑛𝑑 14,𝑤𝑖𝑡ℎ 𝑠𝑓
1
1
,
5
24
,
1
1
, 𝑟𝑒𝑠𝑝𝑒𝑐𝑡𝑖𝑣𝑙𝑦}.  
 
Table a3.3: PRAMS 2009 cohort sampling weights and poststratification correction 
Stratum 
# 
Stratum Total  Sampled SF  Sampled 
Stratum # 
Sample 
Frequency 
Sample 
weight 
11 Low birth 
weight, Native 
155 155 1/1 
1/1 
1/1 
11 
19 
11 
153 
1 
1 
1.000 
1.000 
1.000 
12 Normal birth 
weight, Native 
2641 530 5/25 
1/1 
1/1 
12 
19 
11 
518 
11 
1 
5.075 
1.015 
1.015 
14 Low birth 
weight, non-
Native 
377 377 1/1 
1/1 
1/1 
1/1 
14 
19 
14 
11 
367 
6 
2 
2 
1.000 
1.000 
1.000 
1.000 
15 Normal birth 
weight, non-
Native 
7681 714 5/62 
1/1 
5/25 
1/1 
15 
19 
12 
14 
607 
94 
11 
2 
12.405 
1.000 
5.002 
1.000 
19 Unknown birth 
weight or race 
134 134 1/1 19 134 1.000 
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The adjusted sample strata weights specified in the final column were obtained by first calculating 
the correction factor for stratum 15 
  
𝐶𝑘 = 
7681
(
607
5
62⁄
+
94
1
1⁄
+
11
5
25⁄
+
2
1
1⁄
)
= 1.0004 
 
The correction 𝐶𝑘is then applied to each sampling fraction within stratum 15 
 
Stratum 15 
(n = 7681) 
Sampling 
Fraction 
Sampled sampling 
weight 
Poststratified sampling 
weight 
Frequency distribution 
 5/62 607 5/62
-1
 = 12.4 12.4*1.0004 = 12.405 607*12.405 = 7529.835 
 1/1 94 1/1
-1
 =  1.0 1.0 *1.0004 = 1.0004 94*1.0004 = 94.038 
 5/25 11 5/25
-1
 = 5.0 5.0*1.0004 = 5.0004 11*5.0004 = 55.004 
 1/1 2 1/1
-1
 =  1.0 1.0 *1.0004 = 1.0004 2*1.0004 = 2.001 
Total  714   7681  
 
Poststratification for nonresponse simply operationalizes the formula  𝑊𝑛𝑖𝑗 =
𝑛𝑖𝑗
𝑟𝑖𝑗⁄  , which 
divides the total sampled in a specified category of nonresponse associated with a stratum by the total 
number of responses within the specified category or the inverse of the stratum response rate for the 
specified level of the category 𝑊𝑟𝑖𝑗 = (
𝑛𝑖𝑗
𝑟𝑖𝑗⁄ )
−1
.   In situations where responses in a category from a 
single stratum have different sampling weights the nonresponse ratios within the stratum are adjusted by 
a constant adjustment (𝐶𝑎𝑘) factor  𝑊𝑟𝑖𝑗 = (
𝑛𝑖𝑗
𝑟𝑖𝑗⁄ )
−1
∗ 𝐶𝑎𝑘 .  Nonresponse weights on PRAMS are based 
on nonresponse propensity derived from a logistic regression approach.   
Factors modeled and evaluated for differential nonresponse propensity were maternal age, 
education, marital status, trimester of 1
st
 prenatal care, parity, race, Hispanic ethnicity, and unknown birth 
weight.  Nonresponse to the PRAMS survey are indicated in Table a3.4 with specified response rates 
and nonresponse weights.  Nonresponders reduce the sample and impact sampling distributions which 
impacts the overall sampling weights for the specified category (k).  Thus the initial sampling weight will 
be underestimated.  The nonresponse adjustment accounts for this depreciation. 
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Table a3.4: PRAMS 2009 cohort nonresponse weights 
Stratum 
# 
Stratum Category Sampled 
(% total) 
Response Response 
“Rate” 
Nonresponse 
weight 
11 Low birth 
weight, Native 
Education 12+ 90 (4.9) 60 66.7% 1.500 
Education <12 65 (2.5) 31 47.7% 2.097 
12 Normal birth 
weight, Native 
Others 489 (24.5) 302 61.8% 1.614 
No previous 
children and 
education >12 
41 (2.8) 34 82.9% 1.202 
14 Low birth 
weight, non-
Native 
Others 178 (9.2) 114 64.0% 1.561 
Education >12, 
non-Hispanic, 
non-Black, 1
st
 
trimester prenatal 
care 
91 (6.6) 81 89.0% 1.124 
Exclude highest 
response group 
and age <30 with 
previous children 
108 (3.7) 46 42.6% 2.348 
15 Normal birth 
weight, non-
Native 
Prenatal care 1
st
 
trimester, married, 
non-Black 
376 (23.6) 291 77.4% 1.266 
Others 252 (13.5) 167 66.3% 1.479 
Exclude highest 
response group 
and Hispanic or 
Black 
86 (3.0) 37 43.0% 2.277 
19 Unknown birth 
weight or race 
All unknown birth 
weight or race 
134 (5.8) 72 53.7% 1.861 
 
The calculation for the response rate and nonresponse when the stratum sampling fraction is 
constant and operationalized through the following example. Take Stratum 11 from Table a3.4 above, 
maternal education was identified as being associated with nonresponse.  The response rate for maternal 
education 12+ years education and <12 years education are  
60
90
= 0.667 𝑎𝑛𝑑 
31
65
= 0.477, repectively.  The 
nonresponse weights are simply the inverse or (
60
90
)
−1
= 1.500 𝑎𝑛𝑑 (
31
65
)
−1
= 2.097, repectively.   
The more complex issue of non-constant sampling fractions in a specified stratum is realized by 
applying the inverse of the response rate times a constant.  The constant is derived by specifying the 
selection probabilities for the indicated responders to ensure the distribution of the sampling probabilities 
remains constant which are specified often through logistic regression.  Assuming, we know the 
proportional distributions of the respondent and nonrespondent within each level of a specified covariate 
patter for all levels of each sampling weight in a stratum the adjustment nonresponse factor can be 
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derived and applied.  For example in Stratum 12 of Table a3.4, the adjustment factor = 0.9968.  The 
adjusted nonresponse weights for both categories are calculated using the specified formula as 
𝑊𝑟12,𝑂𝑡ℎ𝑒𝑟 = (
489
302⁄ )
−1
∗ 0.9968 = 1.614; 𝑊𝑟12,𝑛𝑜 𝑐ℎ𝑖𝑙𝑑 12+𝑒𝑑𝑢 = (
41
34⁄ )
−1
∗ 0.9968 = 1.202 
The assumption behind the derivation of nonresponse rates is that the average answers of the 
responders are exactly that of the average of the nonresponders.  This assumption holds as the sample 
size n increases within a stratum and response category and becomes volatile at fewer than 25 
responses.  It is indicated that categories be combined to reach this threshold to ensure that any 
particular response does not skew the average response. 
Poststratification for noncoverage of mothers excluded from the sampling frame is also 
conducted. These weights are constructed by identifying factors associated with being excluded and 
adjusting the sample to accurately reflect the overall target population.  Noncoverage weights operate 
under the same assumption of nonresponse weights; in that the average covered mothers answers are 
equal to that of the average noncovered or excluded mother.  The noncoverage weight is operationalized 
by applying the formula 𝑊𝑐𝑘 = (𝑁𝑘 + 𝑁𝑘
∗) 𝑆⁄ , which is equal to the number of mothers in the sampling 
frame in a specified noncoverage category divided by the number of mothers in the original frame.  As 
coverage increases the weight approaches 1.000 and diverges as coverage decreases.   
Alaska PRAMS has limited exclusion criterion, thus the noncoverage weight is low.  Among the 
11,033 total eligible births, 10,988 (99.6%) were included in the sampling frame.  The noncoverage 
weight applied is simply the total noncoverage of (
10,988
11,033
)
−1
= 1.0041 
The final analysis weights applied incorporate the sampling weight, nonresponse weight, and 
noncoverage weights at each stratum, category, and factor and operationalize the formula: 
 
𝑊𝑖𝑗𝑘 = 𝑊𝑠𝑖 ∗ 𝑊𝑛𝑖𝑗 ∗ 𝑊𝑐𝑘. 
 
This method of model-based weighting specification is an ideal method for balancing the 
divergence between the sample and population distributions, especially for modeling.  Another method 
referred to as “Raking”, is a valid approach when the goal is only to estimate population averages or 
proportions.  This process uses an iterative approach to balance the marginal distributions of the sample 
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with those of the population.  This however can be problematic for modeling if dependence on some 
covariate is impacted by the iterative standardization, and could thus create a systematic bias of the 
model estimates.  
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APPENDIX 4: DATA INDICATOR BY SOURCE 
Data Indicator 
 
Source(s)* 
Censoring   
Child death  VS, MIMR-CDR 
Emigration  PFD 
Family history   
History of mental health and suicide BH, VS 
Prior child death VS 
History of maltreatment CPS, LE
ᵻ
, CAC 
History of involvement with law enforcement LE
ᵻ
 
Community   
Community residence PFD 
Community health care access CP  
Community violence CP 
Community Local option ABC 
Family   
Parental age PRAMS, VS 
Parental education PRAMS, VS, CUBS 
Family SES PRAMS, VS, CUBS 
Maternal marital status PRAMS, VS, CUBS 
Parental mental health PRAMS, CUBS, Med, BH 
Parental substance abuse PRAMS, VS, CUBS 
Parental criminal   involvement PRAMS, CUBS 
Parental stress PRAMS, CUBS 
Intimate Partner Violence PRAMS, CUBS 
Understanding child development PRAMS, CUBS 
Social networks PRAMS, CUBS 
Access to health care PRAMS, CUBS 
Parenting skills PRAMS, CUBS 
Family size PRAMS, VS CUBS 
Medical Insurance PRAMS, Med, CUBS 
Social isolation PRAMS, PFD, CUBS 
Child   
Special health care needs (child) PRAMS, CS, CUBS, Med, BH, VS 
Child Maltreatment (all types and frequency) CPS, CAC, MIMR-CDR, LE 
Birth health VS 
Medicaid Med 
Adverse childhood experiences CUBS 
*Data source: ABC = Alaska Beverage Control; BH = Behavioral Health; CAC = Child Advocacy 
Center; CP = Community Profile database; CPS = Child Protective Services; CUBS = Childhood 
Understanding Behaviors Survey; LE = Law Enforcement; MIMR-CDR = Maternal Infant 
Mortality Review – Child Death Review; Med = Medicaid; PFD = Permanent Fund Dividend; 
PRAMS = Pregnancy Risk Assessment Monitoring System; VS = Vital Statistics 
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APPENDIX 5: LINKAGE ALGORITHMS AND SCORING 
We compared three edit distance algorithms for establishing probable string matches, a modified 
Levenshtein approach, Q-grams approach, and finally the Jaro-Winkler approach. 
Modified Levenshtein algorithm 
This specific metric is a  modification of the original Levenshtein algorithm which tests how many 
operations need to be applied for string input ‘A’ to equal sting input ‘B’ and is best suited for typos or 
other deletions of string variables.  This can be operationalized to calculate the distance weighted score 
(EDw) with the following formula: 
  
𝐸𝐷𝑤 (𝑆1,𝑆2) =
{
 
 
 
 
𝑖𝑓 𝑒(𝑠1, 𝑠2) > 𝑑 ∗ max(𝐿(𝑠1), 𝐿(𝑠2)) 𝑡ℎ𝑒𝑛 0
𝑖𝑓 𝑒(𝑠1, 𝑠2) < 𝑎 ∗ max(𝐿(𝑠1), 𝐿(𝑠2)) 𝑡ℎ𝑒𝑛 1
{
[𝑑 ∗ max(𝐿(𝑠1), 𝐿(𝑠2))] − 𝑒(𝑠1, 𝑠2)
(𝑑 − 𝑎) ∗ max(𝐿(𝑠1), 𝐿(𝑠2))
, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒 
 
𝑒(𝑠1, 𝑠2) = 𝑒𝑑𝑖𝑡 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒 𝑠𝑐𝑜𝑟𝑒 𝑎 = 𝑎𝑝𝑝𝑟𝑜𝑣𝑒 𝑙𝑒𝑣𝑒𝑙
(𝑠1, 𝑠2) = 𝑆𝑡𝑟𝑖𝑛𝑔𝑠 1 𝑎𝑛𝑑 2 𝐿 = 𝑆𝑡𝑟𝑖𝑛𝑔 𝑙𝑒𝑛𝑔𝑡ℎ
𝑑 = 𝐷𝑖𝑠𝑎𝑝𝑝𝑟𝑜𝑣𝑒 𝑙𝑒𝑣𝑒𝑙
 
 
 
The edit distance score is simply the cumulative sum of the number of single-character 
operations to convert string A into string B, where an operation consists of inserting, deleting, substituting 
or switching two adjacent characters.  For example, the two stings “Chlid” and “Child” will have an edit 
distance score of 1 (switching l and i)  and the two strings “Cihld” and “Child” will have an edit distance 
score of 2 (substituting I for H and H for I).  Mathematically this is equal to the total operations of a two 
vector matrix diagonal: 
 
[
 
 
 
 
 
0 𝐶 ℎ 𝑙 𝑖 𝑑
𝐶 0
ℎ 0
𝑖 1
𝑙 1
𝑑 1 ]
 
 
 
 
 
 ,
[
 
 
 
 
 
0 𝐶 𝑖 𝑙 ℎ 𝑑
𝐶 0
ℎ 1
𝑖 1
𝑙 2
𝑑 2 ]
 
 
 
 
 
 
 
The EDw is determined by the specified approval and disapproval levels.  Accordingly, if condition 
1 of the formula is met the EDw = 0, if condition 1 is not met and condition 2 is met the EDw = 1, if neither 
condition 1 or 2 are met condition 3 specifies the ratio of the match.   
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Continuing with the example above and setting an arbitrary approval level of 0.1 and disapprove 
level of 0.4 (in a range from 0.0 to 1.0) the weighted edit distance score for the linkage of the two vectors 
would equal:  
 
𝐸𝐷𝑤 (𝐶ℎ𝑙𝑖𝑑,𝐶ℎ𝑖𝑙𝑑) =
{
 
 
 
 𝑖𝑓 1 > 0.4 ∗ 5 𝑡ℎ𝑒𝑛 0, 𝐹𝑎𝑙𝑠𝑒
𝑖𝑓 1 < 0.1 ∗ 5 𝑡ℎ𝑒𝑛 1, 𝐹𝑎𝑙𝑠𝑒
{
[0.4 ∗ 5] − 1
(0.4 − 0.1) ∗ 5
= 
1
1.5
= 0.67,
𝐸𝐷𝑤 (𝐶𝑖𝑙ℎ𝑑,𝐶ℎ𝑖𝑙𝑑) =
{
 
 
 
 𝑖𝑓 2 > 0.4 ∗ 5 𝑡ℎ𝑒𝑛 0, 𝑇𝑟𝑢𝑒
𝑖𝑓 2 < 0.1 ∗ 5 𝑡ℎ𝑒𝑛 1, 𝐹𝑎𝑙𝑠𝑒
{
[0.4 ∗ 5] − 2
(0.4 − 0.1) ∗ 5
= 
0
1.5
= 0  
 
As evidenced, the specification of the approval and disapproval levels, length of the string 
attribute and edit distance score influence the scoring of this metric.    
Q-grams algorithm 
This approach substrings inputs ‘A’ and ‘B’ into strings of length ‘q’ into ‘z’ sets.  The match score 
is influenced by the count of common ‘z’ sets between inputs A and B. Under this metric the order of q-
grams or ‘z’ sets is irrelevant, thus this approach can minimize errors due to transpositions or switching, 
for instance “John-Adams” and “Adams-John” can still have a reasonable match score.  This can be 
operationalized to calculate the Q-grams weighted score (Qgw) with the following formula: 
 
𝑄𝑔𝑊 (𝑆1,𝑆2) =
{
 
 
 
 𝑖𝑓 𝐷[𝐺𝑠(𝑠1), 𝐺𝑠(𝑠2)] > 𝑅[𝑑 ∗ (|𝐺𝑠(𝑠1)| + |𝐺𝑠(𝑠2)|)] 𝑡ℎ𝑒𝑛 0
𝑖𝑓 𝐷[𝐺𝑠(𝑠1), 𝐺𝑠(𝑠2)] < 𝑅[𝑎 ∗ (|𝐺𝑠(𝑠1)| + |𝐺𝑠(𝑠2)|)] 𝑡ℎ𝑒𝑛 1
{1 −
𝐷[𝐺𝑠(𝑠1), 𝐺𝑠(𝑠2)] − 𝑅[𝑎 ∗ (|𝐺𝑠(𝑠1)| + |𝐺𝑠(𝑠2)|)]
𝑅[𝑑 ∗ (|𝐺𝑠(𝑠1)| + |𝐺𝑠(𝑠2)|)] − 𝑅[𝑎 ∗ (|𝐺𝑠(𝑠1)| + |𝐺𝑠(𝑠2)|)]
, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒 
 
𝐷 = 𝐷𝑖𝑠𝑗𝑜𝑖𝑛𝑡 𝑔𝑟𝑎𝑚𝑠 𝑎 = 𝑎𝑝𝑝𝑟𝑜𝑣𝑒 𝑙𝑒𝑣𝑒𝑙
𝐺𝑠 = 𝑔𝑟𝑎𝑚𝑠 𝑜𝑓 𝑙𝑒𝑛𝑔𝑡ℎ ′𝑞′ 𝑑 = 𝐷𝑖𝑠𝑎𝑝𝑝𝑟𝑜𝑣𝑒 𝑙𝑒𝑣𝑒𝑙
(𝑠1, 𝑠2) = 𝑆𝑡𝑟𝑖𝑛𝑔𝑠 1 𝑎𝑛𝑑 2 𝑅 = 𝑅𝑜𝑢𝑛𝑑
 
 
The number of q-grams is determined by the specification of ‘q’ and is the summation of the 
number of ‘z’ sets of length ‘q’. The difference in q-grams between strings 1 and 2 is equal to the number 
of dis-jointed grams of length ‘q’.  Unlike the edit distance approach which requires only the specification 
of approval and disapproval levels, the q-grams approach requires an additional specification of ‘q’ to 
specify the number of grams. To calculate the number of disjointed grams of length ‘q’, each string is 
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subset and compared for common grams, with the number of q-grams per string being equal to the 
number of characters (including spaces and special characters).  For example, setting q=2 the strings 
“John-Adams” and “Adams-John” will have the following 2-gram vectors {Jo, oh, hn, n-, -A, Ad, da, am, 
ms, s} and {Ad, da, am, ms, s-, -J, Jo, oh, hn, n}.  The two vectors share the 2-grams of {Jo, oh, hn, Ad, 
da, am, ms}, with the disjointed 2-grams of {n-, -A, s, s-, -J, n}.   
The operation of the weighted Q-grams follows the same logic to that of the edit distance 
approach which specifies that if condition 1 of the formula is met the Qgw = 0, if condition 1 is not met and 
condition 2 is met the Qgw = 1, if neither condition 1 or 2 are met condition 3 specifies the ratio of the 
match.   
Continuing with the example above and setting an arbitrary approval level of 0.1 and disapprove 
level of 0.4 (in a range from 0.0 to 1.0), and 2-gram length, the weighted Q-grams score for the linkage of 
the two strings “John-Adams” and “Adams-John” would equal:  
 
𝑄𝑔𝑊 (𝑆1,𝑆2) =
{
 
 
 
 𝑖𝑓 6 > 𝑅[0.4 ∗ (|10| + |10|)] 𝑡ℎ𝑒𝑛 0
𝑖𝑓 6 < 𝑅[0.1 ∗ (|𝐺10| + |10|)] 𝑡ℎ𝑒𝑛 1
{1 − (
6 − 𝑅[0.1 ∗ (|10| + |10|)]
𝑅[0.4 ∗ (|10| + |10|)] − 𝑅[0.1 ∗ (|10| + |10|)]
)
, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒 
 
= {
𝑖𝑓 6 > 2 𝑡ℎ𝑒𝑛 0, 𝐹𝑎𝑙𝑠𝑒
𝑖𝑓 6 < 8 𝑡ℎ𝑒𝑛 1, 𝐹𝑎𝑙𝑠𝑒
{1 − (
6 − 2
8 − 2
) = 1 −
4
6
= 0.33
  
 
This metric is heavily influenced by not only the specification of the approval and disapproval 
levels, but also the length of gram specified; longer gram lengths will be less sensitive.  Utilization of the 
Q-grams distance metric for the last name can help reduce the probability of making a type 1 error 
(declaring that difference exists when one really doesn’t) and disregarding a correct linkage due to 
transpositions and other variations in character strings common to last names. 
Jaro-Winkler Algorithm 
This algorithm is often used with shorter strings such as names (ref). This distance method 
scores the number of elements in common between string vectors and assigns favorable weights to 
matches in common at the beginning and end of the two vector strings. The Jaro-Winkler algorithm 
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specifies that a character is only considered a match (m) between strings where 𝑆𝑖 = [
𝑀𝐴𝑋(|𝑠1|,|𝑠2|)
2
] − 1, 
and the two characters in String 1 (𝑠1) and String 2 (𝑠2) are ≤ 𝑆𝑖 apart. Transpositions (t) are derived as 
the # of matching characters but with different sequencing divided by two, with the Jaro-Winkler (JW) 
distance calculated as the Jaro distance, plus the length of common characters between the strings 
starting at the prefix up to 4 characters, times a common scaler (f; often 0.1), times one minus the Jaro 
distance, thus the Jaro-Winkler distance 𝑑𝑗𝑤 is specified as: 
𝑑𝑗𝑤 = (
1
3
(
𝑚
|𝑠1|
+
𝑚
|𝑠2|
+
𝑚 − 𝑡
𝑚
)) + 𝑙 ∗ 𝑓(1 − (
1
3
(
𝑚
|𝑠2|
+
𝑚
|𝑠2|
+
𝑚 − 𝑡
𝑚
))) 
𝑚 = 𝑚𝑎𝑡𝑐ℎ𝑖𝑛 𝑐ℎ𝑎𝑟𝑎𝑐𝑡𝑒𝑟𝑠 𝑙 = 𝑙𝑒𝑛𝑔𝑡ℎ 𝑜𝑓 𝑐𝑜𝑚𝑚𝑜𝑛 𝑐ℎ𝑎𝑟𝑎𝑐𝑡𝑒𝑟𝑠 (𝑛 < 5)  
(𝑠1, 𝑠2) = 𝑆𝑡𝑟𝑖𝑛𝑔𝑠 1 𝑎𝑛𝑑 2 𝑓 = 𝑠𝑐𝑎𝑙𝑖𝑛𝑔 𝑓𝑎𝑐𝑡𝑜𝑟 𝑓𝑜𝑟 𝑐𝑜𝑚𝑚𝑜𝑛 𝑐ℎ𝑎𝑟𝑎𝑐𝑡𝑒𝑟𝑠
𝑡 = #𝑜𝑓 𝑡𝑟𝑎𝑛𝑠𝑝𝑜𝑠𝑖𝑡𝑖𝑜𝑛𝑠/2
 
 
Using the same example Edit Distance example above we can calculate the JW distance for the 
two string comparison of “CHILD” and “CHLID” which experiences a single letter transposition between 
strings. 
𝑆𝑖 = [
𝑀𝐴𝑋(|5|,|5|)
2
] − 1 = 1.5,  
m = 5, and t = 
2
2
= 1 based on the characters I/L and L/I which are less than 1.5 characters apart 
Thus,    
𝑑𝑗𝑤 = (
1
3
(
5
|5|
+
5
|5|
+
5 − 1
5
)) + 2 ∗ 0.1(1 − (
1
3
(
5
|5|
+
5
|5|
+
5 − 4
5
))) = 0.95 
This function places emphasis on common characters at the beginning of each string by scaling 
the length or number of common characters up to 4 by a constant value. The JW method has proven to 
be more efficient that the Edit distance and Q-grams methods, but will perform somewhat less accurately 
for name transpositions relative to the Q-grams.  
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Combining match scores 
One common method for combining the scores of multiple string comparisons to create a total 
match score between record sets (e.g. first and last name) is to multiply the 0-1 match probability for each 
string by a specified level of influence between 0 and 100, with the total influence of strings equaling 100. 
We calculated the probability match score for each method described above (Table a5.1) to compare the 
calculated scores. We then compared the total match score probabilities based on the examples above 
using the different methods for a select number of name combinations and matching methods (Table 
a5.2).  
Table a5.1 Probability match scores for three string combinations using three edit distance methods 
 Levenshtein Q-grams (g=2) Jaro-Wikler 
Child 
0.67 0.00 0.95 
Chlid 
    
Child 
0.00 0.00 0.88 
Cilhd 
    
John-Adams 
0.00 0.33 0.30 
Adams-John 
 
Table a5.2 Linkage score calculations for select combinations  
 
Linkage First name  Last name Total Score 
1 
Child John-Adams 
[𝐸𝐷𝑤 0.67(60) + 𝑄𝑔𝑊0.33(40)] = 53.2 Chlid Adams-John 
2 
Child John-Adams 
[𝑑𝐽𝑤 0.95(60) + 𝑄𝑔𝑊0.33(40)] = 70.2 Chlid Adams-John 
3 
Child John-Adams 
[𝑑𝐽𝑤 0.95(60) + 𝑑𝑗𝑤0.30(40)] = 69.0 Chlid Adams-John 
 
4 
Child John-Adams 
[𝐸𝐷𝑤 0.67(60) + 𝑄𝑔𝑊0.33(40)] = 13.2 Clihd Adams-John 
5 
Child John-Adams 
[𝑑𝐽𝑤 0.88(60) + 𝑄𝑔𝑊0.33(40)] = 66.0 Clihd Adams-John 
6 
Child John-Adams 
[𝑑𝐽𝑤 0.88(60) + 𝑑𝐽𝑤 0.30(40)] = 64.8 Clihd Adams-John 
 
 
From this example, records for linkage 1 will have a combined score of 53.2 out of 100 (or 
53.2%), and linkage 2, 70.2%, and linkage 3, 69.0%.  Both linkage 1 and4 are low probabilities of a 
positive match due to errors in both strings and would in most instances be rejected as a match 
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automatically.  This example demonstrates the utility of probabilistic linkages, the need to understand the 
record sources, and need for multiple identifiers to stabilize the probabilities.  For the purposes of our 
linkages and based on the a priori determinate assessment criteria, we used the jaro-winkler and 
weighting methods as implemented in the R RecordsLinkage package. This method returns an increased 
number of probable matches, but for this study, identifying and correctly classifying all potential linkages 
was of most importance with extensive manual reviews possible. 
  
 
APPENDIX 6: STATE AND FEDERAL CHILD DEATH REVIEW MALTREATMENT QUESTIONS 
Child Death Review Case Reporting System: Case Report – Version 4.0 from the National Center for the Review & Prevention of Child 
Deaths. Questions 1 and 2 of Section I. 
 
 
 
 
 
 
I.    ACTS OF OMISSION OR COMMISSION INCLUDING POOR SUPERVISION, CHILD ABUSE & NEGLECT, ASSAULTS, AND SUICIDE
  TYPE OF ACT
1.  Did any act(s) of omission or commission 2.  What act(s) caused or contributed to the death?
      cause and/or contribute to the death?       Check only one per column and describe in narrative.
Yes   Caused          Contributed
No, go to Section J Poor/absent supervision, go to 10
Probable Child abuse, go to 3
U/K, go to Section J Child neglect, go to 8
Other negligence, go to 9
Assault, not child abuse, go to 10
    Check all that apply: Religious/cultural practices, go to 10
The direct cause of death Suicide, go to 27
The contributing cause of death Medical misadventure, specify and go to 11
Other, specify and go to 10
U/K,  go to 10
    If yes/probable, were the act(s) either or both?  
1
5
2
 
  
 
Alaska Consensus Case Report from the Alaska Maternal Infant Mortality – Child Death Review (MIMR-CDR) Program, within the Alaska 
Division of Public Health - Questions 9a, 9b, and 9c 
 
 
Alaska Maternal Infant Mortality Review and Child Death Review Committee Consensus Form
9) Did any of the following cause or contribute to the child's death? 
9a) Abuse by caregive/other Adult(s)? [  ] Yes [  ] No
[  ] Unknown, committee suspicious [  ] Unknown, but unlikely
*If Yes/probably, was the Abuse [  ] Primary cause of death [  ] Related case of death
[  ] Unknown
9b) Neglect by caregive/other Adult(s)? [  ] Yes [  ] No
[  ] Unknown, committee suspicious [  ] Unknown, but unlikely
*If Yes/probably, was the Neglect [  ] Primary cause of death [  ] Related case of death
[  ] Unknown
9c) Gross negligence by caregive/other Adult(s)? [  ] Yes [  ] No
[  ] Unknown, committee suspicious [  ] Unknown, but unlikely
*If Yes/probably, was the Abuse [  ] Primary cause of death [  ] Related case of death
[  ] Unknown
[  ] Yes, probably
[  ] Yes, probably
[  ] Yes, probably
1
5
3
 
  
 
APPENDIX 7: CROSS-CLASSIFICATION TABLES FOR AIM 2 
 
 
Neglect 
 
  Re-review 
 
 
 
No 
Unknown but 
unlikely 
Unknown 
committee 
suspicious 
 Yes 
probably Yes Total 
In
it
ia
l 
R
e
v
ie
w
 
No 49 5 4 1 0 59 
Unknown but unlikely 5 5 2 2 0 14 
Unknown committee suspicious 2 1 3 0 3 9 
Yes probably 3 0 0 4 1 8 
Yes 3 0 3 1 1 11 
  Total 62 11 12 8 8 101 
 
 
 
 
Abuse 
 
  Re-review 
 
 
 
No 
Unknown but 
unlikely 
Unknown 
committee 
suspicious 
 Yes 
probably Yes Total 
In
it
ia
l 
R
e
v
ie
w
 
No 52 4 2 3 0 61 
Unknown but unlikely 11 2 1 0 0 14 
Unknown committee suspicious 6 0 6 0 1 13 
Yes probably 2 0 0 3 0 5 
Yes 0 0 1 0 7 8 
  Total 71 6 10 6 8 101 
 
 
 
1
5
4
 
  
 
Negligence 
 
  Re-review 
 
 
 
No 
Unknown but 
unlikely 
Unknown 
committee 
suspicious 
 Yes 
probably Yes Total 
In
it
ia
l 
R
e
v
ie
w
 
No 41 3 6 1 3 54 
Unknown but unlikely 2 3 3 1 2 11 
Unknown committee suspicious 2 1 3 0 2 8 
Yes probably 2 0 0 3 2 7 
Yes 5 1 2 2 11 21 
  Total 52 8 14 7 20 101 
 
 
 
 
1
5
5
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APPENDIX 8: FULL BIRTH COHORT AND PRAMS SAMPLE DEMOGRAPHIC COMPARISON 
 
Birth cohort PRAMS Sample  
 
11033 % n=1235 %w (95% CI) P-value 
Mean maternal age at birth 27.06)  
27.02  26.86 (26.47, 27.26)  
     unknown 3  
0 0  
Sex of child     
0.0911 
     Male  5821 52.8 627 50.4 (47.0, 53.8)  
     Female  5209 47.2 608 49.6 (46.2, 53.0)  
     unknown 3 0.0 0 0  
Maternal race at birth     
0.0792 
     Asian/Pac-Island 938 8.5 76 6.3 (4.5, 8.0)  
     Black 439 4.0 43 4.1 (2.3, 5.9)  
     American Indian/Alaska Native 2850 25.8 427 25.6 (25.0, 26.3)  
     White 6673 60.5 622 62.9 (60.6, 65.2)  
     unknown 133 1.2 67 1.1 (1.0, 1.3)  
Maternal education completed     
0.2584 
     <12 years 1468 13.3 178 12.7 (10.6, 14.8)  
     12+ years 9148 82.9 974 84.3 (82.0, 86.5)  
     unknown 417 3.8 83 3.0 (2.0, 4.0)  
Birth weight     
0.9989 
     <2500g 550 5.0 339 5.0 (4.8, 5.1)  
     2500g or more 10472 94.9 890 94.9 (94.8, 95.1)  
     unknown 11 0.1 6 1.0 (0.5, 1.6)  
Maternal marital status at birth     
0.9367 
     Unmarried 4219 38.2 511 37.7 (34.6, 40.8)  
     Married 6803 61.7 721 62.2 (59.1, 65.3)  
     unknown 11 0.1 3 0.1 (0.0, 0.1)  
Fathers name of birth certificate     
0.8241 
     No fathers name 593 5.4 80 5.8 (4.2, 7.3)  
     Fathers name present 10437 94.6 1155 94.2 (92.7, 85.8)  
     unknown 3 0.0 0 0  
Medicaid eligible at birth     
0.9439 
     Yes eligible 5799 52.6 696 52.5 (49.2, 55.8)  
     No not eligible 5231 47.4 539 47.5 (44.2, 50.8)  
     unknown 3 0.0   
 
Maternal smoking     
0.043 
     Yes indicated smoking 1710 15.5 206 13.1 (11.1, 15.1)  
     No smoking indicated 9224 83.6 1006 85.8 (83.7, 87.9)  
     unknown 99 0.9 23 1.1 (0.3, 1.8)  
Prenatal care     
0.9542 
    No/Inadequate 1557 14.1 182 14.0 (11.7, 16.2)  
    Intermediate 2129 19.3 229 18.7 (16.2, 21.2)  
    Adequate/Adequate plus 5439 49.3 597 49.8 (46.4, 53.2)  
    unknown 1909 17.3 227 17.5 (14.8, 20.2)  
  
 
APPENDIX 9: LIFE TABLES 
Each life table was created for reports from multiple agencies, only child welfare reports, screened in, and substantiated reports. These 
estimates were created to compare with estimated measures using the weighted survivorship function to calculate the cumulative risk or F(t). We 
used the lifetable estimates to compare directly to the national synthetic cohort study that used a lifetable approach. We found as expected that 
the lifetable estimates were nearly identical to those produced using a hazard-based methodology. 
 
Weighted LifeTable of reports from multiple agencies through age five years, ALCANLink (n=1,235) 
  
Persons 
at risk 
Age t (years) Events Drops person-time 
at risk 
Rate Crude 
Risk
1
 
Cumulative 
Risk
2
 
Cumulative 
Crude Risk
3
 
11033 0 1 1054.251 636.9633 10218 0.103176 0.0980317 0.0980317 0.09555436 
9341.785 1 1 488.48 552.9755 8829 0.055327 0.0538241 0.14657931 0.13982881 
8300.33 2 1 410.9041 305.4255 7948.1 0.051698 0.0503848 0.18957872 0.177072 
7584 3 1 344.6227 397.8673 7201.1 0.047857 0.0467299 0.22744959 0.20830763 
6841.51 4 1 285.9443 300.4106 6535.4 0.043753 0.0428098 0.26052231 0.23422482 
6255.155 5 1 90.4242 62.56021 3077.8 0.029379 0.0289521 0.28193175 0.24242061 
Total 
  
2674.6 
 
43717 0.06118 0.2424182 0.28193175 
  
 
Weighted LifeTable of reports to child welfare through age five years, ALCANLink (n=1235) 
 
Persons 
at risk 
Age t (years) Events Drops person-time 
at risk 
Rate Crude 
Risk
1
 
Cumulative 
Risk
2
 
Cumulative 
Crude Risk
3
 
11033 0 1 997.7409 638.4695 10241 0.097426 0.0928306 0.0928306 0.09043242 
9396.79 1 1 508.6242 571.3914 8852.8 0.057453 0.0558342 0.14348171 0.13653268 
8316.774 2 1 425.704 305.4255 7956.6 0.053503 0.0520971 0.18810386 0.17511729 
7585.645 3 1 342.754 397.8673 7204 0.047578 0.0464642 0.22582795 0.20618355 
6845.023 4 1 269.801 317.824 6540.1 0.041253 0.0404140 0.25711535 0.23063755 
6257.398 5 1 90.4242 62.56021 3082.1 0.029339 0.0289123 0.27859386 0.23883335 
Total 
  
2635.048 
 
44914.98 0.058667 0.2388333 0.27859386 
  
1
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Weighted LifeTable of reports “screened in” to child welfare through age five years, ALCANLink (n=1,235) 
 
Persons 
at risk 
Age t (years) Events Drops person-time 
at risk 
Rate Crude 
Risk
1
 
Cumulative 
Risk
2
 
Cumulative 
Crude Risk
3
 
11033 0 1 730.952 701.0206 10378 0.070433 0.0680097 0.0680097 0.06625143 
9601.027 1 1 383.0127 621.345 9114.1 0.042024 0.0411534 0.10636426 0.10096662 
8596.67 2 1 259.2056 308.8412 8316.6 0.031167 0.0306866 0.13378687 0.12446029 
8028.623 3 1 298.7074 401.7925 7666.1 0.038965 0.0382154 0.16688951 0.15153428 
7328.123 4 1 260.0265 392.0827 6998.6 0.037154 0.0364723 0.197275 0.17510235 
6676.014 5 1 78.56871 100.7424 3322.7 0.023646 0.0233687 0.21603361 0.1822236 
Total 
  
2010.473 
 
46894.37 0.042872 0.1822236 0.21603361 
  
 
Weighted LifeTable of substantiated reports to child welfare through age five years, ALCANLink (n=1,235) 
 
Persons 
at risk 
Age t (years) Events Drops person-time 
at risk 
Rate Crude 
Risk
1
 
Cumulative 
Risk
2
 
Cumulative 
Crude Risk
3
 
11033 0 1 310.0471 758.4698 10596 0.029261 0.0288368 0.0288368 0.0281018 
9964.483 1 1 175.831 693.8466 9527.7 0.018455 0.0182855 0.04659499 0.04403862 
9094.805 2 1 127.8175 314.0381 8896.1 0.014368 0.0142651 0.0601954 0.05562364 
8652.95 3 1 115.6832 404.15 8379.1 0.013806 0.0137113 0.07308133 0.06610883 
8133.117 4 1 75.45534 483.9009 7879.1 0.009577 0.0095309 0.08191573 0.07294789 
7573.761 5 1 28.3396 145.553 3833.5 0.007393 0.0073654 0.08867775 0.07551652 
Total 
  
883.17 
 
49107 0.017985 0.0800480 0.08867775 
  
 
 
1
Stratum specific risk calculated using the exponential formula  
2
Cumulative stratum specific risk calculated using the extension of the exponential formula 
3
Cumulative crude risk calculated by Stratum-Specific Events/Total persons at risk (N=1,235) 
 
 
R=1 − 𝑒−∑ 𝜆𝑘𝑡𝑘
𝐾
𝑘=1  
R=1 − 𝑒−𝜆𝑡 
1
5
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APPENDIX 10: CUMULATIVE DISTRIBUTION FUNCTION 
The cumulative incidence of each endpoint indicates the greatest risk during the first year of life followed by a fairly constant increase in 
risk to first maltreatment report. Maltreatment detected through linkage of multiple agencies data was nearly identical to child protective services 
(CPS) reports only, indicating that data linkages was hardly worth the effort. However some sources were only partially represented (e.g. Child 
Advocacy Centers).  
 
 
Risk 
Age interval (Years) 
[0,1) [1,2) [2,3) [3,4) [4,5) [5,6) 
First Multi-agency report 0.097 0.146 0.189 0.227 0.259 0.283 
First CPS report 0.092 0.141 0.185 0.222 0.254 0.277 
First CPS Screen-In Report 0.067 0.106 0.133 0.165 0.195 0.218 
First CPS Substantiated Report 0.028 0.046 0.060 0.073 0.082 0.088 
1
5
9
 
  
 
 
For each of the types of endpoints measured the lifetable based estimates correctly map onto the hazard-based method. The hazard-
based method used to estimate the risk to first event that accounted for death and emigration censoring was slightly increased from what is 
estimated when accounting for only death censoring. The difference between these estimates is more pronounced for agency reports compared 
with substantiated reports. 
 
 
 
Accounting for censoring (Nelson-Aalen)  
Only censor for death (Nelson-Aalen)  
Accounting for censoring (Life-Table estimate)  
 
1
6
0
 
  
 
 
 
Cumulative Incidence Stratified by Tricare birth 
 
Due to the difference detected in loss-to-follow up we compared the hazard based cumulative risk estimates between the military (births 
delivered by Tricare) and nonmilitary populations in Alaska. We detected that although the Tricare births had minimal data representing events (as 
evidenced by the “long arms” of the F(t) line, the overall risk was similar to the total birth population of Alaska. Because of the similar risk and fact 
that we could measure emigration we included this population in the analysis to estimate the overall risk of having a maltreatment report by age 
five in the state of Alaska.  
 
 
Risk 
Age interval (Years) 
[0,1) [1,2) [2,3) [3,4) [4,5) [5,6) 
NonTricare paid births 0.097 0.147 0.184 0.225 0.255 0.277 
Tricare paid births 0.084 0.124 0.226 0.226 0.280 0.280 
1
6
1
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